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Abstract

This dissertation consists of three independent essays on educational and health issues

in child development. The first and second chapters are independent empirical studies

authored solely by me, while the third chapter is co-authored with Yue Bao. The first essay

investigates the development of personality traits and cognitive skills during adolescence.

I find evidence of cross-effects and self-productivity of personality traits and cognitive

skills, using Australian data. Both parental investments and child rearing are critical for

the development of personality traits and cognitive skills during adolescence. I also find

that personality traits and cognitive skills are important for adult earnings. The second

essay examines the effect of living in the vicinity of an electronic-waste dumpsite on infant

health outcomes in Ghana. I find that exposure from the e-waste dumping site significantly

increases the probability of diarrhea and respiratory illness. I find two mechanisms, tetanus

infection and water pollution. I find that premature birth is more likely to occur when

mothers have not received a tetanus vaccine during or before pregnancy in the exposed area.

I also find that diarrhea can be mitigated by consuming safer sources of drinking water.

In the third essay, we develop a two-period discrete choice model to examine how higher

education decisions are shaped when student loans play an increasingly crucial role in the

US. We still find disparities in higher education attainment under a constructed scenario in

which all students, regardless of family income, rely on student loans. The model highlights

and helps us better understand whether disparities in higher education attainment are due

to unequal access to financing or to deeper structural inequalities (for example, inequalities

in K-12 preparation).
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Chapter 1

Introduction

My main research lies at the intersection of labor economics, development economics, health

economics, and child development. My dissertation centers on three key questions in child

development. First, I use Australian data to investigate how personality traits and cognitive

skills are developed, and their implications for labor market outcomes, with a particular

focus on personality development. The development of personality traits is an area often

understudied in the existing literature (Brunello and Schlotter, 2011). Second, I explore the

health impacts of adverse early childhood environments, emphasizing that human capital

development should encompass not only cognitive skills and personality traits but also

physical and mental well-being. In this chapter, I examine the effect of living in the vicinity

of an electronic-waste dumpsite on infant health outcomes in Ghana. Lastly, my third

essay examines how students make independent decisions about college attendance, under

a constructed scenario in which all students, regardless of family income, rely on student

loans. The three chapters of my dissertation are connected under the bigger umbrella of

child development, where I study three crucial aspects of child development, the formation

of human capital, health outcomes, and higher education. The three chapters also differ, as

they investigate different research topics under a diversity of settings.

In the first essay, I investigate how these traits and skills evolve, their responsiveness

to investments and the individual’s environment, and the implications for labor market

outcomes. Noncognitive skills are essential to child development, educational attainment,

labor market outcomes, and intra-household resource allocation (Carneiro et al., 2007;

Deming, 2017; Flinn et al., 2018). However, the formation process of personality traits

remains understudied (Brunello and Schlotter, 2011).

To investigate the development of adolescents’ Big Five personality traits and cognitive
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skills, I apply first a dynamic factor model, and then a control function approach, both

of which are connected through an overarching data generating process. I find evidence

of cross-effects and self-productivity in adolescents’ personality traits and cognitive skills.

Specifically, I discover a positive impact of mathematical education on the development of

emotional stability, which is consistent with findings from recent neuroscience research. I

find evidence that personality traits are malleable to investments, and to the individual’s

environment, in late adolescence, which is a contribution to the literature, as no consensus

exists on the malleability of noncognitive skills in late adolescence and early adulthood. I also

find that both personality traits and cognitive skills are important for adult earnings. Based

on the control function approach, I find positive impacts on the development of adolescents’

personality traits and cognitive skills from family income, which includes income from the

mother’s employment, that fully offsets the negative effect of maternal hours worked on

those traits and skills. I also find that the results from the dynamic factor model and the

control function approach are internally consistent.

The second essay investigates the effect of living in the vicinity of an e-waste dumpsite,

named Agbogbloshie, on infant health outcomes in Ghana. Economists have examined a

wide range of fetal shocks and found that early shocks can have substantial negative impacts

not only on health but also on economic outcomes later in life (Currie and Almond, 2011). I

study the impact of adverse early childhood environments, emphasizing that human capital

development should encompass not only the development of cognitive and noncognitive

skills, but also physical and mental well-being.

More than 18 million children and adolescents, and as many as 12.9 million women,

were actively engaged in the informal electronic waste (e-waste) sector work around the

globe (World Health Organization, 2021). I use a difference-in-differences strategy and

find that exposure from the e-waste dumpsite in Ghana increases children’s diarrhea and

respiratory illness. I utilize triple differences to study the mechanisms of the effects, and

I uncover that premature birth is more likely to occur when mothers in the exposed area

have not received a tetanus vaccine. I also find that children’s diarrhea can be mitigated by

the household consuming safer sources of drinking water. This research provides important

policy implications to effectively address the adverse impact of living close to an e-waste

dumpsite on children.

In the third essay, my coauthor and I investigate the decision-making process of college

attendance in the US, when student loans play an increasingly essential role. Education

is essential to the development of skills, children’s long-term success, as well as many

2



dimensions of economic life. We observe that a substantial and growing share of students

now rely on loans to cover tuition costs, regardless of household income (Fry, 2014). In

this essay, we examine whether disparities in higher education attainment would still exist,

when education is not perceived as a tool for intergenerational transfers but rather as a

decision that is independently made by children to maximize their life-cycle utility, with

children fully funding their higher education through borrowing.

In the setting where all students borrow student loans for higher education, we still

find significant disparities in college access and school quality between students from the

lower and the upper income levels. This inequality is largely attributed to the differences

in the quality of pre-college education. We run policy experiments based on this simple

setting and find that the key approach to close the gap between students from low- and

high-income families is to provide education of higher quality to disadvantaged children

during earlier years.
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Chapter 2

The Development of Personality

Traits and Cognitive Skills in

Adolescence: Evidence from a Skill

Formation Model and a Control

Function Approach

2.1 Introduction

In the economics literature, many researchers have found that noncognitive skills are essential

to child development, educational attainment, labor market outcomes, and intra-household

resource allocation (Carneiro et al., 2007; Deming, 2017; Flinn et al., 2018). The formation,

and implications, of cognitive skills have been widely examined. Yet, noncognitive skills

and personality traits are still understudied in economics, even though noncognitive skills

are at least as important as cognitive skills for individuals’ development, education, and

labor market success (Brunello and Schlotter, 2011). For instance, noncognitive skills have a

stronger predictive power than cognitive skills at the lower end of the earnings distribution,

where men with low noncognitive skills are significantly more likely to be unemployed

than those with low cognitive skills, and the former tend to experience longer spells of

unemployment (Lindqvist and Vestman, 2011). With respect to education, Carneiro et al.

(2007) found that the marginal effect of cognitive skills on the likelihood of educational
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attainment beyond age 16 was small at low values of noncognitive skills, but the marginal

effect was much larger at high values of noncognitive skills.

Despite its importance, we have limited knowledge about the development process

regarding each element within the package called “noncognitive skills” that researchers

typically refer to as whole. Economists have developed several innovative models to estimate

the formation of cognitive and noncognitive skills (Cunha and Heckman, 2008; Cunha et al.,

2010; Agostinelli and Wiswall, 2023). Todd and Wolpin (2003, 2007) provided insightful

models for the production function of cognitive skills. Attanasio et al. (2020) contributed

to the study of the production of cognitive skills and health for children in India. Aucejo

and James (2021) estimated the of formation of math and verbal skills and explained the

role of cognitive skills played in determining gender gaps in college enrollment in England.

However, unlike cognitive skills, which have often been disaggregated into math and

verbal skills, noncognitive skills, in the literature, are typically collapsed into a single

factor using multiple related measurements. In reality, noncognitive skill is a multifaceted

concept which embodies many nuances, especially the development of personality traits in

the adolescent period (De Fruyt and Karevold, 2021; Van den Akker et al., 2021; Arnett,

2023). Therefore, it is important to investigate and understand the development of each

individual component within the “noncognitive skills” package, and the five-factor model

(the Big Five personality traits) is a long-pursued and well-established approach that depicts

different aspects of an individual’s noncognitive skill or personality (Goldberg, 1992; Saucier,

1994).1 The development of children’s personality traits during the span of adolescence

is particularly intriguing, due to the drastic changes in pubertal hormone concentrations

(Van den Akker et al., 2021). Thus, in this paper, I investigate the formation process of

each element of children’s Big Five personality traits, as well as cognitive skills, during

the adolescent period.2 I implement two different methods, a skill formation model and a

control function approach, that are linked by an overarching data generating process.

This paper makes three contributions. First, I contribute to both the literature that

studies children’s skill formation process and the literature that examines the impact of

maternal labor supply and family income on children’s outcomes. In contrast to the current

1The five-factor model of personality is a model that organizes personality traits into five basic dimensions:
extroversion, agreeableness, emotional stability, conscientiousness, and openness to experience.

2In this paper, the terms “noncognitive skills” and “personality traits” refer to essentially the same
concept. I use “noncognitive skills” when describing findings from other studies, as this is the term commonly
used in the literature. The term “personality traits” refers to the disaggregated components of noncognitive
skills that I examine in this paper.
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literature on the skill formation process, which perceives noncognitive skill as a single

factor, I disaggregate noncognitive skill into the Big Five personality traits (extroversion,

agreeableness, openness, conscientiousness, and emotional stability) and estimate the

formation process for each of the personality traits during adolescence, using a skill formation

model following Cunha and Heckman (2008). I empirically estimate the cross-effects (the

existing stock of one skill affects the level of a different skill in the next period) and the

self-productivity (the existing stock of one skill increases the level of the same skill in the

next period) for adolescents’ Big Five personality traits, math skills, and reading skills.

While the current literature that examines the impact of maternal hours worked and family

income on children’s outcomes tends to focus on cognitive skills or treat noncognitive skills

as a single index, I investigate the impact of maternal hours worked and family income

on the development of each component of adolescents’ Big Five personality traits, and of

cognitive skills, using a bunching with control function approach based on (Caetano et al.,

2021).

Second, I put recent pioneering discoveries in cognitive neuroscience to the test, applying

two different approaches from economics. Zacharopoulos et al. (2021) found that adolescent

students who lacked mathematical education in school displayed reduced γ-aminobutyric

acid (GABA) concentration levels in a key brain area that was involved with the ability

of inhibitory control. Inhibitory control (ability to control one’s impulses and behavioral

responses to stimuli), by definition, is reflected in traits such as emotional stability and

conscientiousness from the five-factor model. I cross-validate this neuroscience discovery

based on the evidence of the positive cross-effect between mathematical skill and emotional

stability. I find that the stock of mathematical skill in the current period has a positive cross-

effect on the formation of adolescents’ emotional stability in the next period. This finding

is consistent with what neuroscience research suggests (Zacharopoulos et al., 2021), which

provides complementary evidence of the interplay between education and neurobiology.

Third, I study the malleability of personality traits to investments and to the environ-

ment during the “emerging adulthood” period.3 Understanding whether these traits can

significantly change during early adulthood is crucial, as personality traits are essential for

labor market success. Employers, for instance, value personality as a form of soft skills,

raising the question of whether training and learning in the workplace can contribute to

their development. However, no consensus exists on the malleability of noncognitive skills

or personality traits in later life, with some researchers arguing that these traits are largely

3Arnett (2023) introduced the concept of “emerging adulthood” that occurred from the ages of 18 to 25.
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fixed by the end of the teenage years, while others suggest that these traits can be changed

at any age (Brunello and Schlotter, 2011). My research addresses this gap by rigorously

examining the development of the Big Five personality traits, and I find that these traits

are malleable to investments and to the environment during the emerging adulthood period.

I utilize the Household, Income and Labour Dynamics in Australia (HILDA) data set for

both the skill formation model and the control function approach to study adolescents’ skill

formation. To investigate the formation of personality traits and cognitive skills, I employ a

linear specification of the skill formation model of Cunha and Heckman (2008).4 I also use

a bunching with control function approach to explore the development of these traits and

skills, as well as to examine the impact of maternal labor supply and household income on

adolescents’ traits and skills, following (Caetano et al., 2021). The results from the skill

formation model and from the control function approach are internally consistent, and the

results from both methods are largely consistent with relevant studies.

Estimating the the skill formation model, I identify the parameters of the law of motion

for traits and skills using an instrumental variable estimator, where a measurement of a

trait or skill is used to instrument for the second measurement of the same trait or skill.

Further exposition and the validity of this instrumental variable estimator are discussed

in Subsection 2.3.2. The results yield important findings that are key to understand the

formation of personality traits, their self-productivity, and the cross-effects of personality

traits and cognitive skills.

First, I discover statistically significant evidence of a positive cross-effect of mathematical

skill on emotional stability and conscientiousness. Based on the estimates of the skill

formation model, a one standard deviation increase in the math skill in late adolescence

leads to an increase in emotional stability in early adulthood by 0.14 standard deviations, a

result that is significant at the 1% level. The result is consistent with findings in neuroscience

research, which uncovers that mathematical education exerts a positive impact on adolescents’

inhibitory control (a concept closely related to to emotional stability) (Zacharopoulos et al.,

2021).5 I also find significant self-productivity of the five personality traits, the math skill,

4I also apply a non-linear transcendental logarithmic (translog) skill production function based on
Agostinelli and Wiswall (2023) as a robustness check. The results from the linear specification and the
results from the translog specification are largely consistent. The estimation of the translog specification is
in Subsection 2.7.1.

5Studies report adverse impacts of a lack of mathematical education on the development of key brain areas.
A lack of math education is associated with a decreased gamma-aminobutyric acid (GABA) concentration
within the middle frontal gyrus (MFG) and is also negatively associated with frontoparietal connectivity.
Lower brain GABA levels are associated with inhibitory control defcits. Greater connectivity between the
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and the reading skill. Furthermore, parental investments in the previous period exhibit a

statistically significant positive marginal effect on adolescents’ agreeableness, extroversion,

and reading skill.

In addition to the skill formation model, I estimate a bunching with control function

method based on Caetano et al. (2021). While the control function method has been well-

established and widely-discussed (Florens et al., 2008; Glewwe and Todd, 2022), the bunching

with control function approach is a relatively recent identification strategy (Caetano, 2015;

Caetano et al., 2021). The key idea of this method is to address selection on unobservables

by exploiting the zero hours of work constraint (the bunching), constructing a control

function accordingly, and netting out the confounding relationship by including the control

function in the regression framework.6

The findings based on the bunching with control function approach are consistent

with the results from the skill formation model. I find statistically significant evidence

of self-productivity and cross-effects of personality traits and cognitive skills. The cross-

effect between adolescents’ math skill in the current period and emotional stability in the

next period is positive and statistically significant at the 5% level. The effect of family

labor income in the previous period is positive and statistically significant on adolescents’

agreeableness, extroversion, openness, and the reading skill. The impact of maternal hours

worked in the previous period on adolescents’ emotional stability is negative and statistically

significant at the 10% level. However, I find that the positive income effect due to maternal

labor supply fully offsets the direct negative impact of maternal labor supply on adolescents’

outcomes. I also find that both personality traits and cognitive skills are essential for adult

earnings. The magnitudes of the impacts of the Big Five personality traits on adult earnings

are generally as large as the magnitudes of the impacts of cognitive skills.

The malleability of personality traits and cognitive skills in the “emerging adulthood”

period provides important policy implications. For instance, the earlier view of training

programs for young adults suggested that the effects were small and not very cost-effective

(Heckman, 1994; Hirshleifer et al., 2016). These findings regarding training programs might

have led some economists to the a priori assumption that traits and skills are not malleable

in early adulthood, explaining why skill formation in later periods is an understudied area.

frontoparietal network has a significant positive correlation with higher intelligence scores and superior
cognitive functioning (Marek and Dosenbach, 2018; Zacharopoulos et al., 2021).

6The zero hours of work constraint means that the desired hours of work for mothers who stay home
is unobserved, which can be exactly zero and also can be negative hours of work but constrained at zero.
Please refer to Section 2.5 for a more detailed exposition.
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In contrast, my findings suggest that investments and the environment during emerging

adulthood do matter. Furthermore, my paper sheds light on the direction that research

should pursue to design more effective training programs, since the ineffectiveness of some

of these programs may be due to the program design itself rather than the rigidity of traits

and skills in early adulthood.

In the next section, I introduce the data set and describe the measurements for personality

traits, cognitive skills, and household characteristics. In Section 2.3, I briefly present the

skill formation model and discuss the identification of the law of motion for skills. In Section

2.4, I report the empirical results from estimating the model described in Section 2.3. In

Section 2.5, I introduce the bunching with control function strategy. In Section 2.6, I present

the empirical results based on the control function approach. In Section 2.7, I conduct

various robustness checks for the skill formation model as well as for the control function

approach. Section 2.8 concludes.

2.2 Data

I use the Household, Income and Labour Dynamics in Australia (HILDA) longitudinal survey

to estimate both the skill formation model and the reduced-form method (the bunching with

control function approach). The HILDA data set is a nationally representative household

panel survey that was first implemented in 2001 with an initial sample of 19,914 individuals

from 7,682 households in Australia. I mainly utilize three types of variables from the

HILDA data set: measurements for the Big Five personality traits and cognitive skills;

measurements for parental investments and household environment; and variables for

parental characteristics.

In wave 5 (year 2005), the HILDA started to collect the Big Five personality traits

assessments, once every four years. The Big Five personality traits are extroversion,

agreeableness, openness, conscientiousness, and emotional stability. The personality traits

assessments are based on the 36 Text Dependent Analysis items (TDA-36) of the trait

descriptive adjectives approach (Summerfield et al., 2023). The TDA-36 approach employed

by the HILDA was based on the original TDA-40 items scale developed by Saucier (1994).

In Figure A.1, I present a table from Losoncz (2009) that shows the TDA-36 items that the

HILDA uses to assess the Big Five personality traits. The personality traits measurements

from the HILDA data are believed by some economists to be of the highest quality among

all nationwide surveys (Todd and Zhang, 2020).
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Every item of the TDA-36 items is measured on a categorical scale from one to seven,

with one being “this descriptive adjective does not describe me at all” and seven being

“this descriptive adjective describes me very well”. Not all 36 items are used to summarize

and derive the five personality factors. HILDA first examines the reliability of items and

omits any item with a correlation of less than 0.3. Second, HILDA performs a principal

component analysis to retain items based on their factor loadings, and the retained items

are used to generate the five personality traits (Summerfield et al., 2023). The HILDA data

set provides the five personality traits derived from the set of items, which I use directly for

my analysis. The five composite personality traits are on a continuous scale from one to

seven. The scale of the Big Five personality traits is continuous because they are composite

scores derived from a set of categorical items.

The cognitive skills that I investigate are comprised of two parts: mathematical skill

and reading skill. Mathematical and reading skills are based on self-rated math and reading

skills “compared to the average Australian” that are collected every four years. The math

and reading skills are on a scale from zero to ten, with an increment of one, where zero is

“very poor”, five is “average”, and ten is “very good”.

HILDA provides another measure of reading skill, which is a 25-item version of the

50-item National Adult Reading Test. Mathematical skill also has a second related measure,

which is a Symbol Digit Modalities Test that measures the time a participant needed to

pair abstract symbols with specific numbers.7 However, these two measures are available

in waves 12 and 16 only, and thus are not adequate for the analysis. To examine the

reliability of the self-rated math and reading skills, I compute the correlation coefficient

and also administer an OLS regression between the self-rated reading and math skills and

the National Adult Reading Test and the Symbol Digit Modalities Test scores, respectively.

The correlation coefficients are 0.438 and 0.318, respectively, for reading and math, which

are considered as medium-sized correlation based on the criteria by Cohen (2013). The

regression coefficients are presented in Table A.1, where self-rated reading skill is predicted

with the National Adult Reading Test score and self-rated math skill is predicted with the

Symbol Digit Modalities Test score. The results are statistically significant at the 0.1%

level.

Parental investments in and household environment of child development are measured

using five items: family education-related expenditure, expenditure on internet and phone,

expenditure on child clothing, family income, and the frequency that a child watches

7A Symbol Digit Modalities Test example is shown in Figure A.2

10



television or movies. Parental characteristics consist of mother’s and father’s education,

mother’s self-reported math and reading skills, and mother’s hours worked on a weekly

basis.

Summary statistics of the variables are reported in Table 2.1. The estimations focus on

youths from the ages of 15 to 29. The final sample is comprised of 20,512 total observations

from 6,713 individuals, of which about 51.1% are male and 48.9% are female.

2.3 A Skill Formation Model

2.3.1 Skill Production Function

In this section, I implement a linear skill formation model based on Cunha and Heckman

(2008) to analyze the formation of personality traits and cognitive skills. Leveraging

this linear specification for simplicity and tractability, I identify the cross-effects and self-

productivity of the stocks of personality traits and cognitive skills. I keep the presentation

brief and refer the reader to Cunha and Heckman (2008) for proofs and a more detailed

exposition.
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Personality traits are represented by the Big Five personality traits, and cognitive

skills consist of math skill and reading skill. I examine the cross-effects of every pair of

skills, estimate the self-productivity of each skill, and investigate the impact of parental

investments on traits and skills. Note that I use a dynamic factor model to retrieve parental

investments as a latent factor from a set of observable investment variables, when I estimate

the skill formation model. I will present the dynamic factor model in Subsection 2.3.2.

In this section, I keep the technology of skill formation in a linear specification, because

a non-linear model will unlikely overrule the conclusions if I find little evidence in a linear

setting. However, in the robustness checks subsection (Subsection 2.7.1), I estimate a

non-linear skill production model to examine the stability of the results from the linear

model.

Assume that each agent is born with initial condition θ1 =
(
θC1 , θ

P
1

)
, where θC1 represents

a vector of two elements of cognitive skills: mathematical skill and reading skill. Similarly, θP1

is a vector of the five elements of the Big Five personality traits: extroversion, agreeableness,

openness, conscientiousness, and neuroticism. From now on, I will refer to neuroticism as

its converse, emotional stability, in order to cause less confusion in interpretation and keep

the “direction” to be the same for the five personality traits. The production technology for

skill k in period t is

θkt+1 = fk
t

(
θCt , θ

P
t , θ

I
k,t

)
(2.1)

for k ∈ {C,P}, t ∈ {1, 2, 3, ..., T}, and I represents family investments in child’s human

capital. This production technology for skills underlines the idea that the stocks of the two

cognitive skills and the five personality traits, and family investments, together produce

traits and skills in the next period.

An agent’s adult human capital h is a function of period t+1 traits and skills accumulated

by adulthood (age 25),8 specified as

h = g
(
θCt+1, θ

P
t+1

)
. (2.2)

8Arnett (2023) introduced the concept of “emerging adulthood” that occurred from the ages of 18 to 25.
Arnett (2023) also stated, on page 7, that 18 to 29 was a reasonable range internationally, since median
ages of entering marriage were higher in other developed countries than in the United States. Therefore, I
set age 25 as the beginning of adulthood and use traits and skills at age 29 as second measures. The reason
that a second measure is needed for identification will be discussed in Subsection 2.3.3.
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2.3.2 Dynamic Factor Model

I apply a dynamic factor model for the key latent variables following Cunha and Heckman

(2008). The key latent variables are the agent’s traits and skills represented by the set of his or

her mathematical skill, reading skill, extroversion, agreeableness, openness, conscientiousness,

and emotional stability. The key latent variables also include parental investments in the

agent’s abilities. Formally speaking, I employ a confirmatory factor model where the

latent variables cause the measurements (the reflective indicators). The factor model is

important for the analysis because it describes the covariance relationships among many

observables, the measurements of abilities, in terms of several underlying unobservables or

latent variables, which in this case are personality traits and cognitive skills.

The value of a latent variable is not directly observable; instead, I observe a vector of

measurements that serve as reflective indicators of the latent factor. The measurement

system of the factor model is formulated as:

Y k
j,t = µk

j,t + αk
j,tθ

k
t + εkj,t, for j ∈

{
1, . . . ,mk

t

}
, k ∈ {C,P, I}, (2.3)

where Y k
j,t is an mk

t × 1 vector of the observed measurements, µk
j,t is a vector of the mean

values associated with these observed measurements, and mk
t is the number of measurements

on cognitive skills, personality traits, and investments in period t. Finally, εkj,t is the

measurement error term and E[εkj,t] = 0. For brevity, C represents a vector of the two

cognitive skills, P is a vector of the Big Five personality traits, and I represents parental

investments. A specific cognitive skill, personality trait, or family investment at stage t is

represented by a latent variable θkt . The parameter αk
j,t is a vector of the factor loadings for

the measurements of latent skills, traits, and investments at time period t, which shows the

correlation between the vector of latent variables and the vector of the measurements. The

stocks of traits and skills at each stage t is not directly observable, but rather reflected by a

vector of measurements. Using the factor model, I can estimate the variance covariance

matrix between two latent variables as well as the variance of the error terms εkj,t associated

with the measurements.

To perform the analysis, each latent variable requires at least two measurements that

are associated with it. Then I normalize the factor loading of the first measurement to one,

which is to set αk
1,t = 1.9 This makes the item the reference measurement, and other factor

loadings are interpreted relative to the reference item, which yields a standardized solution.

9In factor analysis, it is a common practice to constrain one factor loading of a measurement to be one.
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Given two measurements Y k
j,t, j ∈ {1, 2} for a latent variable k, I can calculate the

covariance of the two measurements, Cov(Y k
1,t, Y

l
2,τ ), from the data for all pairs of different

time periods t and τ and different measurements k and l. The covariance of any two

latent variables in any two time periods can be found by computing the covariance of their

corresponding measurements from those two time periods, given the general formula:

Cov
(
Y k
j,t, Y

l
j,τ

)
= αk

j,tα
l
j,τ Cov

(
θkt , θ

l
τ

)
, (2.4)

for k, l ∈ {C,P, I}, j ∈ {1, 2}, and t, τ ∈ {1, ..., T}. The factor loadings αk
j,t and αl

j,τ can be

computed as follows. Given that αk
1,t is normalized to one, the covariances can be computed

based on the general formulas:

Cov
(
Y k
1,t, Y

k
1,t+1

)
= Cov

(
θkt , θ

k
t+1

)
(2.5)

and

Cov
(
Y k
j,t, Y

k
1,t+1

)
= αk

j,tCov
(
θkt , θ

k
t+1

)
. (2.6)

Then αk
j,t can be computed by having Equation (2.6) divided by Equation (2.5). The

parameter αl
k,τ can also be identified in a similar fashion.

The variance of any latent variables θkt can be identified utilizing the following formula:

Cov
(
Y k
1,t, Y

k
2,t

)
= αk

2,t Var
(
θkt
)
, (2.7)

where the factor loading αk
2,t can computed by taking the ratio of Equations (2.5) and (2.6),

Cov
(
Y k
1,t, Y

k
2,t

)
can be computed from the data, and thus Var

(
θkt
)
is identified. Assume that

the error term in the measurement system εkj,t is mean zero, independent across agents and

over time, independent of the latent factors, and serially independent. Then I can identify

the variance covariance matrix of the error term εkj,t ∼ N
(
0, σ2

k,j,t

)
associated with any two

measurements j ∈ {1, 2} for any pair of factors k ∈ {C,P, I} from this formula:

Var
(
Y k
j,t

)
−
(
αk
j,t

)2
Var

(
θkj,t
)
= σ2

k,j,t, (2.8)

for k ∈ {C,P, I} and t ∈ {1, ..., T}. The parameter σ2
k,j,t can be identified, since elements

V ar
(
Y k
j,t

)
, αk

j,t and V ar
(
θkj,t
)
can be calculated by the previous arguments.
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2.3.3 Identification of the Law of Motion for Skills

I formulate the evolution of the five personality traits (extroversion, agreeableness, openness,

conscientiousness, and emotional stability) and the two cognitive skills (math and reading)

in the following equation system:(
θPt+1

θCt+1

)
=

(
γP
1 γP

2 ... γP
7

γC
1 γC

2 ... γC
7

)(
θPt

θCt

)
+

(
γP
8

γC
8

)
θIt +

(
ηPt

ηCt

)
, (2.9)

where the latent personality trait factor θPt = (θp1t θp2t θp3t θp4t θp5t )T represents a column vector

of the five personality traits, and the latent cognitive skill factor θCt = (θc1t θc2t )T represents a

column vector of math and reading skills for brevity of presentation of the equation system,

and θIt is a scalar that represents parental investments.

For a single skill k ∈ {C,P}, I estimate a linear law of motion at period t ∈ {1, ..., T}
as:

θkt+1 = γk
0 + γk

p (θ
P
t )

T + γk
c (θ

C
t )

T + γk
8θ

I
t + ηkt , (2.10)

where (θPt )
T is a row vector of the stocks of the Big Five personality traits from the previous

period , (θCt )
T is a row vector of the stocks of the two cognitive skills from the previous

period, θIt is a scalar of parental investments, and the error term ηkt is assumed to be

independent of the latent factors {θPt , θCt , θIt }. Note that γk
p is a vector of parameters for

the vector of five personality traits, and γk
c is a vector of parameters for the vector of two

cognitive skills. The law of motion for a single skill can be interpreted as an autonomous

equation that in itself, has economic meaning in the sense that if the parameters of the

law of motion are known, for any child, I can find his or her traits and skills in the next

period, given the values of the traits and skills and parental investments in the current

period (Wooldridge, 2010).10 The law of motion for skills demonstrates that the stock of

any skill θkt+1 in a period t + 1 is produced by the stocks of the two cognitive skills, the

stocks of the five personality traits, and family investments in the previous period t.

Next, I define

Ỹ k
1,t+1 = Y k

1,t+1 − µk
1,t+1

Ỹ k
1,t = Y k

1,t − µk
1,t

(2.11)

based on Equation (2.3) of the measurement system. I can substitute the measurement

10Page 239.
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equations Ỹ k
1,t+1 and Ỹ k

1,t as proxies for θ
k
t+1 and θkt for k ∈ {C,P, I}, which yields:

Ỹ k
1,t+1 = γk

0 + γk
p Ỹ

P
1,t + γk

c Ỹ
C
1,t + γk

8 Ỹ
I
1,t +

(
εk1,t+1 − γk

p,tε
P
1,t − γk

c,tε
C
1,t − γk

8,tε
I
1,t + ηkt

)
. (2.12)

The regressors Ỹ P
1,t, Ỹ

C
1,t and Ỹ I

1,t are correlated with the composite error term in the paren-

theses; therefore, an ordinary least squares estimator will produce inconsistent estimates.

To address this issue, I apply an instrumental variables estimator. I use Y P
2,t, Y

C
2,t and

Y I
2,t as instrumental variables for Ỹ P

1,t, Ỹ
C
1,t and Ỹ I

1,t, respectively, and implement a two-stage

least squares regression to estimate the parameters in Equation (2.10). This process of

estimation can be applied to identify the parameters in other time periods.

The key assumption for this instrumental variable method to be valid is that the error

terms of the measurement equations for the first and second measurements are uncorrelated;

otherwise, the exclusive restriction condition for the instrumental variable framework is

violated. However, within the setup of the dynamic factor model, this becomes a testable

assumption. Utilizing Equation (2.8), I can explicitly compute the degrees of correlation

of the the error terms of the measurement equations between any two measurements. In

Section 2.4 of the paper, I will present a table of the correlation matrix of the measurement

errors between every pair of measurements of personality traits, and test whether the

correlations are significantly different from zero.

In theory, the independence assumption between the error term ηkt and the latent factors

{θPt , θCt , θIt } can be relaxed, allowing unobservable inputs to be correlated with the latent

factors. The key is to decompose the error term ηkt into a time-invariant omitted input

and a time-varying omitted input. Then the time-invariant term can be eliminated by

applying a first-differencing method between the law of motion for skills in stage t + 1

and the law of motion in stage t. Finally, an IV estimator is applied to ensure consistent

estimation. That is, the identification utilizes different measurements from an earlier period,{(
Y k
j,t−1 − Y k

j,t−2

)}mk
t

j=2
, to instrument for the regressor in the first-differencing equation of

skill k, (Ỹ k
1,t − Ỹ k

1,t−1).

However, since participants’ personality traits and cognitive skills are not surveyed by

the HILDA until age 15, I am not allowed to relax the independence assumption because

this procedure requires the data set to have at least two measurements for personality

traits and cognitive skills from two prior periods, t − 1 and t − 2. In the HILDA data

set, personality traits are not surveyed until in wave 5, and 15-year-old individuals are the

youngest ones whose information on personality traits and cognitive skills are available. For
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instance, if I am interested in studying the law of motion for skills from the late adolescent

period (age 17-21) to early adulthood (age 25), to relax the independence assumption, two

measurements from age 9 to 13 and two measurements from age 13 to 17 will be required,

which are not available in the data.

In Section 2.4, I present the estimated parameters of the law of motion for skills from

the late adolescent period (age 17 to 21) to the early adulthood under the independence

assumption.11 Despite a stronger assumption, it provides a comprehensive view of the

cross-effects and self-productivity of personality traits and cognitive skills. In Section 2.5, I

address selection on unobservables by employing a bunching with control function approach,

and delve deeper into evaluating the impact of mother’s time (maternal hours worked)

and investment (family labor income) on the formation of youths’ personality traits and

cognitive skills. I present the causal estimates from the control function approach in Section

2.6. The results based on the skill formation model and the control function approach are

largely consistent.

2.4 Empirical Results: Skill Formation Model

I estimate the law of motion for skills expressed in Equation (2.12) by applying a two-stage

least squares regression as discussed in Subsection 2.3.3. For the late adolescent period, I

use youths’ personality traits and cognitive skills at age 21 to instrument for those at age

17. For the early adulthood period, I use youths’ personality traits and cognitive skills at

age 29 to instrument for those at age 25. In the estimations, I include mother’s cognitive

skills, mother’s education, and father’s education as covariates, which are considered as

time-invariant parental characteristics. The empirical results are presented in Table 2.2,

where the inputs from the previous period are located in the “Period t” column, and outputs

in adulthood are located in the “Period t+1” row.

11For the late adolescent period, I use youths’ personality traits and cognitive skills at age 21 to instrument
these traits and skills at age 17. For the early adulthood, traits and skills at age 29 are used to instrument
those at age 25
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I find strong and statistically significant self-productivity of the five personality traits

and the two cognitive skills. For example, a one standard deviation increase in emotional

stability in the late adolescent period (17-21) leads to a 0.686 standard deviation increase

in emotional stability in early adulthood (age 25-29). A one standard deviation increase

in math skill in the late adolescence increases emotional stability in early adulthood by

0.139 standard deviations. The self-productivity of mathematical skill and reading skill

are statistically significant at the 1% level, while reading skill displays a slightly greater

magnitude of self-productivity than mathematical skill does. Parental investment also

exhibits a statistically significant positive marginal effect on the formation of adolescents’

agreeableness, extroversion, and reading skill in the next stage.

I also observe evidence for cross-effects between personality traits and cognitive skills,

as well as among personality traits and among cognitive skills. Since the measurements

of skills and investments are standardized, the estimated parameters of cross-effects are

interpreted as elasticities or marginal effects. For instance, a one standard deviation increase

in mathematical skill in the previous period raises emotional stability by 0.139 standard

deviation in the next stage at the 1% significance level. The marginal effect of mathematical

skill on the production of conscientiousness in the next stage is 0.105. This finding is

consistent with discoveries from studies in neuroscience and psychology, such as Marek and

Dosenbach (2018) and Zacharopoulos et al. (2021), that mathematical education exerts a

positive impact on persons’ inhibitory control. Inhibitory control, one of a person’s core

executive functions, is defined as the ability to control one’s attention, behavior, thoughts,
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or emotions to override a strong internal predisposition or external enticement, and instead

behave in a more appropriate way (Diamond, 2013). The concept of inhibitory control is

closely associated with emotional stability and conscientiousness.12 One of the motivations

of this paper is to examine this recent discovery in neuroscience using alternative methods

in economics.

Openness (open to different experiences) displays a negative marginal effect on other

personality traits. In many other studies, openness is found to strengthen the link between

negative situations and life satisfaction, because openness is associated with maladaptive

emotion regulation strategies, risk-taking, unusual beliefs and experiences, and perceptual

dysregulation, which are aspects of a more disordered personality (Joshanloo, 2022). Stud-

ies on openness’ strengthening effect of negative experience and proneness to disordered

personality explain the negative cross-effects of openness on emotional stability and con-

scientiousness. Openness is also shown to exhibit a greater inclination of disagreeableness

regarding common beliefs.

Openness is reported to be strongly involved with one’s preference for artistic imagination,

novelty, intellectual curiosity, and a tendency toward non-traditional values (Schretlen et al.,

2010), while in the HILDA survey, openness is also related to being creative, complex,

and imaginative. Nonetheless, I do not find compelling explanations in the psychology

literature that support the negative cross-effect of openness on extroversion. My reading of

the literature indicates that the cross-effects between openness and other personality traits

are still understudied in psychology. Future research on this topic, and more compelling

evidence or exposition, would be very useful.

The key assumption for the instrumental variable method to be valid is that the error

terms of the first and second measurements of a given trait or skill must be uncorrelated.

To test this assumption, I apply Equation (2.8) to explicitly compute the covariances and

degrees of correlation between the the error terms of the measurement equations of any two

measurements.13 The correlation matrix of the measurement errors between every pair of

two measurements of personality traits is presented in Table 2.3.

12In the HILDA data set, emotional stability is defined by the ability to control one’s own moods, such
as envy, irritability, distress, and jealousy, and maintain a stable temperament. Conscientiousness is defined
by the ability to be orderly, systematic, efficient, and organized, as opposed to being sloppy (Summerfield
et al., 2023).

13I refer the reader to Cunha and Heckman (2008) for more detailed derivations.
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Table 2.3 displays the estimated contemporaneous correlation matrix across the mea-

surement errors in the indicators of personality traits. In the late adolescence (age 17 to

21), most of the correlations are lower than 0.2, except for one out of forty-five correlations

(not including the diagonal values) equal to 0.3242. In the early adulthood (age 25 to 29),

most of the correlations are lower than 0.15, except for three out of forty-five correlations

(not including the diagonal values) between 0.3 to 0.4. Overall, in both periods, all of the

correlations between the measurement errors are below 0.4 in absolute value and most of

them are well below 0.15 in absolute value. I also perform Wald tests for joint significance

of the covariances between the measurement errors for these two periods. The p-values of

the two Wald tests are 0.999 and 0.896 for late adolescent and early adulthood periods,

respectively, indicating that there is no evidence to reject the null hypothesis that the covari-

ances between the measurement errors are jointly equal to zero. Both the correlation matrix

and results from the Wald tests suggest that the assumption for the instrumental variable

method is justified, and that the exclusion restriction condition for valid instrumental

variable estimation holds.

Using Equations (2.4) and (2.7) of the dynamic factor model, I compute the contempo-

raneous correlation matrices of the latent factors and report them in Table 2.4.

There is a strong correlation between math and reading skills, 0.711, at the late adolescent

stage (period t), where skills measures from age 21 are used. The correlation between math

and reading skills increases to 0.818 at early adulthood stage (period t+1), where skills
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measures from age 25 are used. I also find evidence of a medium-sized correlation between

conscientiousness and mathematical skill, where the correlation is 0.317 in late adolescent

period and 0.306 in early adulthood. This provides further evidence for the finding that

mathematical education brings a positive impact on persons’ inhibitory control as measured

by emotional stability and conscientiousness.

The negative contemporaneous correlation between openness and emotional stability is

also worth noting. The rationale stems from the constructs that openness and emotional

stability reflect. It was found that openness as a trait was related to maladaptive emotion

regulation strategies, risk-taking, and perceptual dysregulation (Joshanloo, 2022). These

characteristics associated with openness are the opposite of emotional stability, which

characterizes the ability to deal with stress, regulate emotional impulses, and stay calm.

The correlation between family investment and mathematical skill falls from 0.345 to

0.249 between period t and period t+1, indicating that an earlier stage in child development

is a relatively more sensitive period (a period or age when investments in children are more

productive in producing future traits and skills) to improve adolescents’ mathematical skill.

My findings are consistent with notions from Cohen (2013) that a correlation coefficient

of 0.3 is considered a medium effect size, as Cohen (2013) documented that correlations

among representative tests of creativity averaged to almost exactly 0.3.

In the next section of the paper, I delve deeper into investigating the development of

adolescents’ personality traits and cognitive skills, using a bunching with control function

approach. The strength of the dynamic factor model is that it provides a comprehensive

view of the human capital formation process and it addresses measurement errors associated

with the latent factors. An important motivation for the analysis using the control function

approach is to cross-validate the estimates from the dynamic factor model, where an indepen-

dence assumption is applied to account for potential selection on unobservables. Employing

the control function approach, I can explicitly address selection on unobservables by esti-

mating the control functions and controlling for the effect of the selection-on-unobservable.

Another motivation for applying the the control function approach is that I take investments

as given and estimate the outcomes using the dynamic factor model. The control function

approach is built on a maternal labor supply model, where maternal labor supply is another

crucial input in the linear production function of skills, in addition to parental investments.

To make the estimates from both methods comparable, I construct the control function

framework in a way that the two approaches (the dynamic factor model and control function

method) are connected through an overarching data generating process.
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2.5 Empirical Strategy: A Control Function Approach

2.5.1 Introduction to the Idea of Bunching

The amount of time and care received by children is determined by maternal hours worked,

and a household’s investments in child development are directly determined by family

labor income. Estimating their effects on children’s traits and skills is challenging because

maternal labor supply and family labor income may be correlated with unobservables that

are themselves affecting children’s skill production. Therefore, I implement a bunching with

control function strategy to address this selection on unobservables issue.

The idea of this approach is to leverage the zero hours to work constraint, where the

desired hours to work for mothers who stay home is unobserved. At this bunching point of

zero hours to work, there are two types of mothers: the first is mothers whose desired work

hours are exactly zero, and the second is mothers whose desired work hours are negative but

constrained at zero. Then I utilize a distributional assumption to estimate the desired hours

of work and construct a control function that models the source of the endogeneity. By

including the control function in the regression framework, I can control for the confounding

relationship and obtain unbiased parameter estimates of the impact of maternal hours

worked and household labor income on children’s traits and skills.

To demonstrate the idea of bunching, I start by establishing a simple constrained labor

supply model following the approach of Caetano et al. (2021). A child’s skill S is determined

by mother’s labor supply, L, observable attributes, X, and unobservables, ϵ, as follows:

S = f(L,X;β) + g(X) + ϵ (2.13)

where L is maternal work hours in the previous period, X is a vector of covariates, and ϵ is

the error term that accounts for unobservable factors. The key problem to overcome is that

L is endogenous since L and ϵ are correlated conditional on X, and this problem must be

addressed to obtain unbiased estimates of the vector of parameters β.

The central idea of bunching is to employ the fact that a mother’s chosen number of

hours to work is constrained to be non-negative when deciding the optimal hours to work,

because people cannot work for negative hours, even though the desired optimal solution

may be in the negative domain. The desired number of hours to work, L∗, can be written

as:

L∗ = h(X) + η, (2.14)
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where L = max {0, L∗}, reflecting the fact that the desired hours to work is bounded by

the constraint of zero. The term η is the collection of unobservables that determine L∗,

conditional on observables X. The idea of bunching with respect to family labor income

from working is parallel to the constrained labor supply model, where labor supply L is

replaced with income I. Due to the fact that the amount of earnings is also bounded to be

non-negative, the desired amount of earnings is written as I = max {0, I∗}. The type of

mothers who desire negative hours worked reasonably overlaps with the type that have a

negative desired amount of family labor income (from wages and salary), because when a

person works for negative hours (if allowed), his or her expected salary will be negative as

well. In this paper, family labor income is referred to income only from wages and salary.

Note that when I estimate the skill formation model, I use parental investments, while I

have mother’s time and household income when I apply the control function approach. This

is because the two identification methods are fundamentally different. The dynamic factor

model allows me to obtain parental investments as a latent factor from a set of observable

variables related to parental investment and household environment. The control function

approach is built upon the constrained labor supply model. Next, I show the evidence of

bunching and selection from the HILDA data.

2.5.2 Evidence of Bunching and Selection

Figure 2.1 shows evidence of bunching of maternal hours worked and family labor income

at the bunching point zero. The curve in the top panel is the cumulative distribution

of mother’s annual hours of working, and the curve in the lower panel is the cumulative

distribution of annual family labor income.
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Approximately 29% of mothers are bunched at zero hours of working, and about 28% of

households are bunched at zero annual family labor income. The proportion of bunching

in the data that I use is close to the level (25%) that mothers are bunched at zero hours

worked found in Caetano et al. (2021). The cumulative distribution of mother’s annual

hours worked exhibits number heaping at multiples of 5 and 10, because individuals’ working

hours are surveyed on a weekly basis.14 For example, about 8% of individuals reported that

they worked 40 hours per week (2080 hours per year).

The evidence of bunching in maternal hours worked and family labor income shown in

the previous figure may be attributed to individuals whose true type is exactly at L∗ = 0.

Nonetheless, this hypothesis makes sense only if the observable maternal characteristics of

14In addition to number heaping, measurement error could also be one of the reasons.
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those who bunch at L∗ = 0 are similar to the characteristics of those who work for a small

amount of time where L∗ = l for reasonably small l > 0. The same reasoning also goes for

income.

This hypothesis is rejected, as I observe that mother’s cognitive skills at L∗ = 0 and

I∗ = 0 are distinctly different then L∗ = l and I∗ = i, respectively, as shown in Figure 2.2.

The top panel is created from a regression discontinuity method to compare the maternal

cognitive skills as maternal hours to work approaches zero with the maternal cognitive skills

of mothers with zero work hours. The bottom panel also uses a regression discontinuity

method to compare the maternal cognitive skills as household labor income approaches zero
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with the maternal cognitive skills of mothers with zero labor income. Confidence intervals

at L = 0, I = 0, and the shaded confidence bands are at the 95% significance level.

Figure 2.2 shows that the confidence intervals of mother’s cognitive skills at L = 0 and

I = 0 do not overlap with the corresponding confidence bands or the global polynomial fits.

This provides evidence that mothers’ cognitive skills of those who bunch at L∗ = 0 and

I∗ = 0 are dissimilar to the skills of those who work at L∗ = l for a reasonably small l > 0,

and of those who have I∗ = i for a reasonably small i > 0. This suggests that mothers who

work for exactly zero hours and whose family labor incomes are exactly zero tend to have

discontinuously lower cognitive skills and thus are distinctly different from those who are

in the positive domain. Thus the data reject the hypothesis that the bunching at L∗ = 0

and I∗ = 0 simply reflects a group of mothers whose true preference is exactly at L∗ = 0

and I∗ = 0 because, if so, their characteristics should be comparable to those with small

and positive L∗ = l and I∗ = i. This finding suggests that there is likely a notable share

of mothers who have desired L∗ and I∗ in the negative domain. The finding also suggests

positive selection of mother’s labor supply and family labor income close to L∗ = 0, meaning

that mothers who work for a small and positive amount of hours and mothers in households

with a small and positive family labor income tend to have sharply larger magnitudes of

covariates that are positively associated with the development of adolescents’ cognitive and

noncognitive skills.

2.5.3 Constructing the Control Function

To address the endogeneity in maternal labor supply and family labor income, I formulate

control functions that explicitly model the source of endogeneity to obtain unbiased param-

eter estimates. Building upon the constrained labor supply model in Equation (2.13), I

decompose the error term into a selection-on-unobservable part, δ(X)η, and an uncorrelated

part, ε, such that ϵ = δ(X)η + ε. Thus, the skill development function is re-written as

S = f(L,X; β) + g(X) + δ(X)η + ε, with E[ε | L,X, η] = 0 (2.15)

The children whose mothers bunch at L = 0 receive the same “treatment” of L = 0,

since the lower bound of labor supply is constrained at zero. After controlling for the vector

of observables X, the remaining structural differences in S for children who have the same

value of L = 0 and the same observables X are attributed to differences in η. Then I

can build a control function to identify the unbiased β by controlling for the effect of the
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selection-on-unobservable part, η, on skill S.

To construct the control function, I combine Equations (2.14) and (2.15), which yields

the following expression for skill S:15

E[S | L,X] = f(L,X; β) + g(X)− δ(X)h(X) + δ(X) [L+ E [L∗ | L = 0, X]1(L = 0)]

(2.16)

This updated expression shows that I can use (L+ E [L∗ | L = 0, X]1(L = 0)) as a

control function to address selection on unobservables after E [L∗ | L = 0, X] is estimated.

The bunching with control function method requires a key distributional assumption in

order to identify E [L∗ | L = 0, X]. According to Caetano et al. (2021), the distributional

assumption is formally established as: for all censored quantiles q0, η | X has symmetric tails

below q0 and above 1− q0. Intuitively, the statement assumes symmetry in the distribution

of unobservables η conditional on the vector of observables X.

To estimate E [L∗ | L = 0, X], the first step is to use clustering to form a finite partition

of the support of X into K clusters, ĈK .16 Two observations are clustered in the same set if

they have similar observables X, which is similar to the idea of matching. As the number of

clusters increase, the observations in the same cluster have increasingly closer values of X.

In the estimation of E [L∗ | L = 0, X], X is replaced with clusters ĈK . Then the expectation

term E [L∗ | L = 0, X] can be estimated by

Ê
[
L∗ | L = 0, X ∈ Ĉk

]
= F̂−1

L|Ĉk

(
1− F̂L|Ĉk(0)

)
− Ê

[
L | L ≥ F̂−1

L|Ĉk

(
1− F̂L|Ĉk(0)

)
, X ∈ Ĉk

]
(2.17)

where F̂L|Ĉk(0) is the proportion of bunched-at-zero observations in cluster k shown in

the data, F̂−1

L|Ĉk

(
1− F̂L|Ĉk(0)

)
is the labor supply estimated by plugging the proportion

calculated by
(
1− F̂L|Ĉk(0)

)
into the inverse of the empirical cumulative distribution of L for

observations in cluster k, and the last expectation term is computed as the sample average of

L in cluster k of those observations with L greater than labor supply F̂−1

L|Ĉk

(
1− F̂L|Ĉk(0)

)
.

The control function for family income (L+ E [L∗ | L = 0, X]1(L = 0)) can be computed

in a similar fashion, under the distributional assumption that assumes symmetry in the

15The derivation of Equation (2.16) is as follows: E[S | L,X] = E[f(L,X;β) | L,X] + E[g(X) |
L,X] + E[δ(X)(L∗ − h(X)) | L,X] + E[ε | L,X] = f(L,X;β) + g(X) + δ(X)[(L+ E [L∗ | L = 0, X]1(L =
0))− h(X)] = f(L,X;β) + g(X)− δ(X)h(X) + δ(X) [L+ E [L∗ | L = 0, X]1(L = 0)].

16I partitioned the support of X into K = 50 clusters. In one of the robustness checks, I present the
coefficients of the main estimation with varying numbers of clusters from 10 to 100, also using updated
cluster indicators and re-computed control functions. The estimates are stable across varying numbers of
clusters.
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distribution of unobservables conditional on the vector of observables X.

2.5.4 Empirical Framework

Given the estimate of the expectation term E [L∗ | L = 0, X], Equation (2.16) can be

estimated using this general regression framework,

S = βLL+X ′τ +
K∑
k=1

αk1
(
X ∈ Ĉk

)
+ δL

[
L+ Ê

[
L∗ | L = 0, ĈK

]
1(L = 0)

]
(2.18)

where βL is the coefficient of interest, X is a vector of controls consisting of mother’s

math skill, mother’s reading skill, mother’s personality traits, mother’s education, father’s

education, and children’s sex and age, and 1
(
X ∈ ĈK

)
is the cluster indicator for cluster

ĈK .
The first term f(L,X; β) in Equation (2.16) is estimated by a linear specification of

βLL+X ′τ in the regression framework. The second and third terms (g(X)− δ(X)h(X)) in

Equation (2.16) are estimated via X ′τ +
∑K

k=1 αk1
(
X ∈ Ĉk

)
, where X ′τ linearly controls

for the effect of observables g(X), and the differences between clusters, δ(X)h(X), are

nonparametrically accounted for through the cluster indicators. The final term in Equation

(2.16), δL

[
L+ Ê

[
L∗ | L = 0, ĈK

]
1(L = 0)

]
, is estimated by Equation (2.17), and it is the

control function term included in the regression to address selection on unobservables.

However, Equation (2.18) is not the final regression framework of the analysis, since

household income and adolescents’ traits and skills in the previous period are yet to be

included. Building on Equation (2.18), I add the term of household labor income βII and

the control function for household labor income to obtain unbiased estimates of the impact

of maternal hours worked, βL, and of the impact of family labor income, βI on children’s

skills outcomes.

Moreover, an important motivation for the analysis using the control function approach

is to cross-validate the estimates from the dynamic factor model, where an independence

assumption is applied to address potential selection on unobservables. Therefore, I construct

the control function framework in a way that the two approaches (the dynamic factor model

and control function method) are connected through an overarching data generating process.

Thus, I include adolescents’ traits and skills from the previous period (age 21),
∑7

j=1 S
′
j,t−1ξj ,

in the regression framework, so that the estimates from the control function approach are

directly comparable to those from the dynamic factor model. The final regression framework
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is written as follows:

Si,t = βLL+ βII +
7∑

j=1

S ′
j,t−1ξj +X ′τ + δL

[
L+ Ê

[
L∗ | L = 0, ĈK

]
1(L = 0)

]
+ δI

[
I + Ê

[
I∗ | I = 0, ĈK

]
1(I = 0)

]
+

K∑
k=1

αk1
(
X ∈ Ĉk

)
,

(2.19)

where βL, βI , and ξj are the coefficients of interest. Maternal hours worked, L, and

family income, I, are standardized values and are from the previous period (21-24) of

individuals’ early adulthood. Term X is a vector of controls including mother’s math skill,

mother’s reading skill, mother’s personality traits, mother’s education, father’s education,

and children’s sex and age. Two control functions are included (one for maternal labor

supply and one for family labor income). The clusters, ĈK , and corresponding cluster

indicators are the same as in the prior regression.

2.6 Empirical Results: Control Function Approach

2.6.1 Main Results

I estimate the regression in Equation (2.19) and present the estimated coefficients βL, βI ,

and ξj, in Table 2.5. The coefficient βL is the impact of maternal hours worked in the

previous period (age 21-25) on personality traits and cognitive skills in early adulthood (age

25). The coefficient βI is the impact of family labor income in the same previous period

on traits and skills in early adulthood. The coefficient ξj is the impact of the traits and

skills in late adolescence (age 21) on traits and skills in early adulthood, which measures

cross-effects and self-productivity. Table 2.5 is constructed in a similar way as Table 2.2,

where the inputs from the previous period are located in the column of “Period t”, and

outputs in adulthood are located in the row of “Period t+1”.
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The estimates from the control function approach are largely consistent with the estimates

based on the dynamic factor model. I find statistically significant evidence of self-productivity

and cross-effects for both personality traits and cognitive skills. The values of the self-

productivity estimates in Table 2.5 are close to the values in Table 2.2, and all of them

are statistically significant at the 1% level. Since the personality traits, cognitive skills,

maternal hours worked, and family labor income are standardized, the estimates reflect

elasticities or marginal effects. For example, a one standard deviation increase in emotional

stability in late adolescence, holding all other factors constant, leads to an increase in adult

emotional stability of 0.684 standard deviations.

The cross-effect between adolescents’ math skill and emotional stability is positive

and statistically significant at the 5% level. This provide complementary evidence to the

neuroscience research finding that math education exhibits a positive impact on students’

inhibitory control, which is a trait closely related to emotional stability (Zacharopoulos

et al., 2021).

The effect of a higher level of family labor income in the previous period is positive and

statistically significant for the reading skill and for three of the five personality traits. For

example, a one standard deviation increase in family labor income during late adolescence

causes adolescents’ level of extroversion to increase by 0.025 standard deviations in early

adulthood. The income effect that I find in this period, especially on reading skill, may be

31



attributed to parental payments for adolescents’ college tuition. Unfortunately, the HILDA

data set does not provide the information on college tuition payments, which prevents me

from examining the impact through this channel.

The impact of maternal hours worked in the previous period on adolescents’ traits

and skills in early adulthood is generally statistically insignificant, except that the effect

on adolescents’ emotional stability is significant at the 10% level. Specifically, a one

standard deviation increase in maternal hours worked in late adolescence, holding all other

factors constant, reduces adolescents’ emotional stability by 0.023 standard deviations in

adulthood.17 This result is consistent with developmental psychology studies finding that

maternal caregiving affects adolescents’ emotional regulation in two key ways: stress response

dysregulation and psychological security. Regarding stress response dysregulation, Ding et al.

(2022) find that maternal care buffers adolescents’ stress responses, and adolescents may

have an overactive stress response system lacking maternal care.18 Chronic stress can impair

the ability to cope with emotional challenges, increasing the risk of emotional instability

and impulsive reactions. Regarding psychological security, Yoder et al. (2019) discover that

adolescents may feel insecure without consistent maternal support and secure attachment.

This sense of instability can manifest in emotional instability, as adolescents become more

prone to feelings of rejection, anxiety, or anger when navigating social relationships. These

two connections between maternal caregiving and adolescents’ emotional regulation explain

the negative impact of maternal work hours on adolescents’ emotional stability.

Based on both Table 2.5 and Table 2.2, I find that personality traits are malleable

to investments and to the environment in late adolescence. The evidence is robust to I

addressing selection on unobservables, using the control function approach. This discovery

confirms the findings of the earlier literature, which suggest that while cognitive skills

mature at earlier stages, noncognitive skills remain more adaptable and can be modified

until later years (Cherniss et al., 1998; Carneiro and Heckman, 2003; Boyatzis, 2008).

Furthermore, when the estimates using the control function method are compared to

those from the dynamic factor model in Section 2.4, the results are similar. For example,

the effects of parental investments and family labor income on the formation of personality

traits and cognitive skills are largely consistent, especially for agreeableness, extroversion,

17One standard deviation of yearly maternal hours worked is 897.26 hours.
18When a person’s stress response system is overactive due to continuous or excessive stress, it triggers

the release of cortisol more frequently or keeps it elevated for longer periods. Maternal engagement is
associated with reduced overall cortisol levels in children during their recovery from emotional arousal (Blair
et al., 2008).
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and reading skill. The self-productivity of the traits and skills, found using both approaches,

have similar values and statistical significance. The fact that my findings from the skill

formation model and from the control function approach are similar points to the emerging

view that structural models and reduced-form analyses can be complementary to each other

in useful ways (Todd and Wolpin, 2023). In this paper, the dynamic factor model and the

control function approach are connected through an overarching data generating process.

The dynamic factor model explicitly addresses measurement errors associated with the

latent factors, and the control function approach accounts for maternal labor supply as

another input, in addition to parental investments, and it addresses potential selection on

unobservables.

In the next subsection, I relate personality traits and cognitive skills in early adulthood

to adult earnings. In Subsection 2.6.3, I compute whether the income effect offsets the

impact of mothers’ labor supply on adolescents’ outcomes.

2.6.2 The Effect of Early Adulthood Skills on Earnings

In order to provide greater economic insights into the development of adolescents’ personality

traits and cognitive skills, I estimate the impact of the stocks of traits and skills in the final

period of child development (early adulthood at age 25) on early adult earnings (average

income from age 25 to 29). This analysis is related to the “anchoring” concept from Cunha

and Heckman (2008). Moreover, these estimates will be used to calculate whether the

positive income effect offsets the negative effect of maternal work hours on adolescents’

outcomes.

I estimate the following OLS regression:

Earnings = µk + αkθ
k
T + ηk, (2.20)

where the adult earnings, Earnings, are measured by the standardized average income

from age 25 to 29, and θkT is the individual’s standardized trait or skill in the final period of

the child development process (early adulthood at age 25). I employ the same instrumental

variable method as before to address the measurement error issue, where I use a person’s

skill at age 21 to instrument for the same skill at age 25, and then use the predicted θ̂kT to

estimate αk.
19 The estimation results are presented in Table 2.6.

19I do not use a person’s skill at age 25 to instrument for the same skill at age 29, due to the possibility
of reverse causality, which is the effects of earnings on cognitive and noncognitive skills. Using skills at age
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In the first seven columns, I regress adult earnings on each early adulthood trait or

skill separately. In the last column, I regress adult earnings on all of the early adulthood

traits and skills together. Most of the early adulthood traits and skills are positively

related to adulthood earnings, with high statistical significance, except for agreeableness

and openness. Since the regressors and earnings are standardized, the coefficients are

interpreted as elasticities or marginal effects. For instance, a one standard deviation increase

in adulthood conscientiousness increases adulthood earnings by 0.154 standard deviations,

if I refer to the results from the combined regression. Both math and reading skills in early

adulthood predict adulthood earnings, and the effect from the reading skill has a larger

magnitude. Overall, the magnitudes of the effects of the Big Five personality traits on adult

earnings are also economically large, even when they are compared to the magnitudes of

the impacts of cognitive skills.

2.6.3 Computation of the Net Effect

In most societies, the burden of child rearing responsibilities still falls primarily on women,

and this unequal burden not only perpetuates gender disparities in the labor market but

also limits mothers’ earning potential and career advancement (Lundborg et al., 2017).

Therefore, in this subsection, I examine whether mother’s labor supply has a net positive

25, instrumented using skills at age 21, for earnings from age 25 to 29 can reduce the possibility that I am
measuring the reverse causality.
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or negative effect on adolescents’ outcomes, in order to address working mothers’ concerns

related to the choice of work.

First, I run an OLS regression to predict how maternal hours worked affect family income,

where I regress family income (in Australian dollars) on the number of maternal hours

worked. Then I compute the impacts of a hypothetical one standard deviation increase in

mothers’ working hours on adolescents’ outcomes through two channels: the indirect family

income channel and the direct maternal labor supply channel. Adding up the impacts from

both channels provides the net effect. The estimates from the OLS regression that predicts

the effect of maternal hours worked on family income are presented in Table 2.7.

The effect of maternal hours worked on family income is statistically significant at

the 1% level. The estimates from the first and the second columns in Table 2.7 indicate

that for every one hour increase in maternal hours worked, family income is increased by

24.35 Australian dollars. After controlling for mothers’ cognitive skills, mothers’ education,

fathers’ education, and mothers’ age, for a one hour increase in maternal hours worked,

family income increases by 20.96 Australian dollars (as shown in the third and the fourth

columns in Table 2.7).

To compute the the impact of a one standard deviation increase in mothers’ working hours

on adolescents’ outcomes through the maternal hours worked channel, I first calculate how

a one standard deviation increase in maternal hours worked affects adolescents’ personality

and skill outcomes, based on Table 2.5. In this case, a one standard deviation increase in

maternal hours worked reduces adolescents’ emotional stability by 0.023 standard deviations.

Through the maternal hours worked channel, adolescents’ emotional stability is the only

statistically significant outcome. Next, I calculate how a 0.023 standard deviation decrease

in adolescents’ emotional stability reduces adult earnings, using Table 2.6. Using the

estimate from the combined regression, a 0.023 standard deviation decrease in adolescents’

emotional stability reduces adult earnings by approximately 0.059 ∗ 0.023 ≈ 0.0014 standard

deviations.
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To calculate the the impact of a one standard deviation increase in mothers’ working

hours on adolescents’ outcomes through the family income channel, I first compute how

much a one standard deviation increase in maternal hours worked increases family income,

using the summary statistics in Table 2.1. One standard deviation of maternal hours worked

is 897.26 hours, and one standard deviation of family income is 63,884.83 Australian dollars.

Thus, a one standard deviation increase in maternal hours worked leads to approximately

a 24.34 ∗ 897.26/63884.83 ≈ 0.34 standard deviation increase in family income, where the

estimate of 24.34 is from Table 2.7. Next, a 0.34 standard deviation increase in family

income increases, for example, adolescents’ extroversion by 0.34 ∗ 0.025 = 0.0085 standard

deviations, based on Table 2.5. Then, a 0.0085 standard deviation increase in adolescents’

extroversion leads to an increase in adult earnings of 0.0085 ∗ 0.094 ≈ 0.0008 standard

deviations, based on Table 2.6. I repeat the same computation process for agreeableness

and reading skill, as family income exhibits statistically significant impact on them (as

shown in Table 2.5). I do not repeat the computation for openness, since openness does not

have a statistically significant impact on adult earnings (as shown in Table 2.6). Finally,

given the effects through both the family income channel and the maternal hours worked

channel, I sum up all the effects, which yields the total net effect. I present the effects from

both channels and the total net effect in Table 2.8.

In Panel A of Table 2.8, the computation of the effects via the household income channel

is based on the estimate of 24.34 in Table 2.7. I also repeat the same calculation using the

estimate of 20.96 in Table 2.7, and show the results in Panel B of Table 2.8. I find that
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the overall positive income effect outweighs the (marginally significant) negative impact

of maternal hours worked, resulting in a net positive effect, meaning that maternal labor

supply during children’s late adolescence provides a net positive impact on children’s adult

earnings. Despite small magnitudes, the net total effects are positive for both panels.

This finding provides meaningful implications for working mothers’ choice of work in the

U.S. labor market, where women’s labor force participation rate is approximately 10% lower

than men’s, as in Australia (where the HILDA data are collected), women’s labor force

participation rate is also approximately 10% lower than men’s. In terms of child rearing

responsibilities, these two labor markets are comparable, given the similar differences in

labor force participation rates between women and men.20

2.7 Robustness Checks

To examine the robustness of the findings, I implement three robustness checks on the

estimations. The first robustness check (the translog skill production function) is applied to

the estimation using the skill formation model. The second and third robustness checks are

applied to the control function approach.

2.7.1 Transcendental Logarithmic Skill Production Function

In the estimation of the skill formation model, I implemented a linear specification of skill

production function for simplicity and stability. It is critical to note that if little evidence

of self-productivity or cross-effects is found using a more parsimonious linear model, it is

unlikely that findings from a more elaborate non-linear setting will overturn the results

(Cunha and Heckman, 2008).

It is, on the other hand, a good practice to employ a non-linear skill production to check

the robustness of the findings from a more parsimonious specification. The most recent and

rigorous studies in the human capital formation literature leverage non-linear models to

investigate skill formation, often times utilizing the constant elasticity of substitution (CES)

skill production function (Cunha et al., 2010; Attanasio et al., 2020; Aucejo and James,

2021).

20In the U.S., the labor force participation rate is 57.3% among women and is 68.1% among men in 2023,
according to FRED. In Australia, the labor force participation rate is 61.5% among women and is 71.4%
among men in 2023, according to the World Bank.
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For this robustness check, I apply a transcendental logarithmic (translog) skill production

function, based on the framework of Agostinelli and Wiswall (2023) as an approximation

to the CES model. The translog estimator is more simple, tractable, and robust than

estimating a formal CES model (Agostinelli and Wiswall, 2023). The translog model is

also a well-known approach to approximate a CES function using a second order Taylor

expansion (Christensen et al., 1973; Hoff, 2002).

I employ the following translog skill production function as an approximation to the

formal CES function and use the same IV estimator that I used in the linear specification.

ln θi,t+1 =
7∑

j=1

αj,t ln θj,t + αk,t ln It +
7∑

j=1

αm,t (ln θj,t ln It) (2.21)

I analyze self-productivity and cross-effects of the seven traits and skills (math, reading,

and the the Big Five personality traits) in total, and each skill in period t is represented by

θi,t. Parental investments in period t is written as It. In Table 2.10, I present the estimated

self-productivity and cross-effects of the seven traits and skills and parental investments,

where period t is the late adolescence and period t+ 1 is the early adulthood.
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When the self-productivity and cross-effects estimated from the translog specification

are compared to the parameters estimated using the linear model, the estimates are

largely consistent despite applying a different skill production function. None of the major

conclusions is overturned. The key discoveries remain stable as well, such as the self-

productivity of each skill, the positive impact of mathematical skill on the formation of

emotional stability, and cross-effects among other personality traits.

The estimated parameters of the interaction terms between each skill and investments also

introduce important insights on the heterogeneous elasticities of skill production with respect

to investment. The heterogeneous investment elasticities provide useful policy implications

about what policy interventions would have a larger effect on skill-disadvantaged adolescents

and what interventions would have a larger effect on skill-advantaged adolescents. For
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instance, the off-diagonal negative coefficients on the interaction terms between skills and

investments indicate that investments have a larger cross-effect on skill-disadvantaged

adolescents in terms of developing a related skill. On the other hand, the on-diagonal

positive coefficients on the interaction terms between skills and investments suggest that

investments have a larger effect on skill-advantaged adolescents in terms of self-productivity

of the same skill.

Due to limited length of a paper and a departure from the intended research question,

I have to leave many other analyses to my future work. First, I can utilize the estimated

coefficients from the translog specification to calibrate the skill multiplier and the degree of

complementarity parameters of the approximated CES function. Second, given the estimates,

I am allowed to conduct policy experiments and examine their impact on adolescents’ skill

development and adult outcomes, for policies such as but not limited to: child allowances

and tax credits, income transfers, subsidized child care, and education subsidies. Third, I

am able to perform cost-benefit analyses for whether policy interventions mentioned above

are justified given the cost and gains. It is economically meaningful to identify what policy

interventions are more cost-effective.

2.7.2 OLS without Control Functions

To obtain a better understanding of selection on unobservables and to analyze the direction

of biasness with regard to the estimation of the control function approach, I present the

estimates of βL, βI , and ξj in a simple OLS regression, where the cluster indicators and the

control functions for maternal labor supply and family labor income are not included. The

estimates are shown in Table 2.10.
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Overall, the estimates of the OLS specification, where the control functions are not

present, are not materially different from the results using the specification that addresses

selection on unobservables. As a result, none of the main conclusions are overturned,

suggesting modest selection on unobservables in the setting of this research using the HILDA

data set. To examine the direction of biasness from potential selection on unobservables, the

effect of potential selection on unobservables is nonuniform, as some estimates from the OLS

without control functions are slightly smaller and some are greater in values. For example,

the magnitude of the effect of family labor income on adolescents’ agreeableness is greater

when using the control function estimation, while the magnitude of the impact of family

labor income on adolescents’ reading skill is greater when using the OLS specification without

the control functions. In general, the comparison of results from these two specifications

suggests that potential selection on unobservables does not significantly bias the estimates

in this sample.

2.7.3 Applying Different Numbers of Clusters

When the expectation E
[
L∗ | L = 0, X ∈ Ĉk

]
was estimated, I partitioned the support of

X into K = 50 clusters for ĈK . In this subsection, I re-estimate the regression of the control

function approach in Equation (2.19), using varying numbers of clusters from 10 to 100, as

a robustness check. The cluster indicators are updated, and the control functions based on
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the corresponding number of cluster are also re-computed, when I re-estimate the control

function regressions.

In Figure 2.3, I plot the point estimates of the effects of family income and maternal

hours worked on adolescents’ outcomes, with 95% confidence intervals, against varying

numbers of clusters. The first four panels show the effects of family income on four different

adolescents’ outcomes. The bottom left panel plots the effect of maternal work hours

on adolescents’ emotional stability. I choose to show these five outcomes, because the

family income or maternal hours worked display statisitcally significant impact on these

five adolescent outcomes, as shown in Table 2.5. The estimates are generally stable across

varying numbers of clusters for all five outcomes.
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2.8 Conclusion

I use a skill formation model to investigate the cross-effects and self-productivity of ado-

lescents’ Big Five personality traits, mathematical skill, and reading skill, as well as the

impact of parental investments on these traits and skills. I also employ a bunching with

control function approach to to further explore the effects of maternal labor supply and

family labor income on the development adolescents’ personality traits and cognitive skills,

while also examining the the cross-effects and self-productivity of these traits and skills. I

utilize the Household, Income and Labour Dynamics in Australia (HILDA) data set for

both parts of the analyses.

Based on the skill formation model, I identify parameters of the law of motion for skills

using an instrumental variable estimator. The results provide essential findings that are

key to understanding the formation of personality traits and cognitive skills. For example,

I find statistically significant evidence of cross-effect of mathematical skill on emotional

stability and conscientiousness. These results align with findings from recent neuroscience

research, which reveal that mathematical education has a positive impact on individuals’

inhibitory control, often reflected in traits such as emotional stability and conscientiousness.

(Zacharopoulos et al., 2021).

I addition to the skill formation model, I also apply a bunching with control function

approach to further investigate the development of adolescents’ personality traits and

cognitive skills, when maternal labor supply is factored in and selection on unobservales

are accounted for. The findings based on the control function approach are consistent with

the results from the skill formation model. The cross-effect between adolescents’ math

skill and emotional stability is positive and statistically significant at the 5% level. The

effect of family labor income in the previous period is positive and statistically significant

on adolescents’ agreeableness, extroversion, openness, and reading skill. The impact of

maternal hours worked in the previous period on adolescents’ emotional stability is negative

and statistically significant at the 10% level. However, the positive income effect due to

maternal labor supply fully offsets the direct negative impact of maternal labor supply.

My findings from the skill formation model and from the control function approach are

consistent with each other, suggesting that structural models and reduced-form analyses

are able to meaningfully complement each other (Todd and Wolpin, 2023).

I also find that, compared to the effects of math and reading skills on earnings, the Big

Five personality traits also exhibit economically large impacts on adult earnings. This is
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consistent with the finding of Brunello and Schlotter (2011), suggesting that noncognitive

skills are at least as important as cognitive skills for labor market success.

The malleability of personality traits and cognitive skills to investments and the en-

vironment in the emerging adulthood period offers valuable policy implications. This

finding provides a new perspective on the earlier view that the effects of on-the-job training

programs for young adults were minimal, which may have led some economists to assume

that these traits and skills are not malleable in early adulthood. My findings suggest that

investments and the environment during emerging adulthood play a significant role in the

development of these traits and skills. Thus, this paper suggests a new direction for research

aimed at designing more effective training programs, as the ineffectiveness of some training

programs may stem from their design rather than the rigidity of traits and skills in early

adulthood.

At last, I perform robustness checks for the control function approach, showing that

the estimates remain generally stable. I also use a translog skill production function as a

robustness check for the linear technology of skill production, and the estimates are largely

consistent. Moreover, the estimation of the translog specification reveals intriguing results

regarding the heterogeneous elasticities of skill production with respect to investments.

Further analysis of these findings will be conducted in future work.
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Chapter 3

The Impacts of E-Waste Dumping on

Infant Health Outcomes in Ghana

3.1 Background and Introduction

Electronic waste (e-waste) is a serious environmental and public health issue that is often

overlooked worldwide. There are numerous e-waste dumpsites in many developing countries,

exposing workers to hazardous and carcinogenic substances such as mercury, lead, and

cadmium (UN Environment Programme, 2019). According to a report by United Nations

University 2020, a record of 53.6 million tons of e-waste was produced globally in 2019

(United Nations University, 2020). More than 18 million children and adolescents and as

many as 12.9 million women are actively engaged in the informal e-waste sector (World

Health Organization, 2021). This paper assesses the adverse effects of e-waste on infant

health in Agbogbloshie, Ghana, which is one of the largest e-waste dumpsites on Earth

in terms of the volume of wastes recycled per day and the number of people who work in

the recycling industry there (Amoyaw-Osei et al., 2011). Agbogbloshie is located near the

center of Accra, the capital and the largest city in Ghana by population size (Amoyaw-Osei

et al., 2011).

Over the last 20 years, Agbogbloshie has become an informal recycling hub and a large

scrapyard for e-waste (Owusu-Sekyere et al., 2022). For every 1,000 tons of e-waste shipped

to the shore, it creates 30 jobs in landfills, 15 jobs in recycling, and 200 jobs in repairing

(Sampson, 2015). Providing the opportunities for creating quick employment and profits, the

resulting total e-waste flows at the Agbogbloshie range between 13,090 and 17,094 metric
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tons per annum over the past 20 years (Owusu-Sekyere et al., 2022). However, short-run

economic prosperity boosted by recycling parts from e-waste comes with lasting costs in

health (Daum et al., 2017).

While a number of studies in public health and epidemiology have have found associations

between pollution from e-waste and adverse health outcomes, little or no research has

causally examined the impact, particularly in economics (Daum et al., 2017; Rai et al., 2019;

Thanomsangad et al., 2020). Therefore, in this paper, I investigate the causal relationship

between infants’ health outcomes and exposure to e-waste pollution. This paper contributes

to the literature in the following three ways.

First, I causally examine the impact on two sets of infant health outcomes directly

related to exposure to e-waste pollution. The first set of infant health outcomes are physical

symptoms: diarrhea and the respiratory illness (coughing). The second set of health

outcomes consists of infant mortality, birth weight, height-for-age z-score, and weight-for-

age z-score. Second, I contribute to the literature by rigorously examining two potential

mechanisms (sources of drinking water and tetanus vaccine take-up) that link the exposure

to e-waste and adverse health outcomes. To my knowledge, this paper is the first study in

the economics literature, and one of the few papers in the field of epidemiology and public

health that investigates the impact of women receiving tetanus vaccines during or before

pregnancy on child health in the vicinity of an e-waste dumpsite. Lastly, I analyze the

association between household characteristics and the consumption of safer alternatives of

drinking water as well as mothers’ take-up of the tetanus vaccine. This paper is also one

of the first two papers in the economics literature that studies the impact of e-waste on

children’s health outcomes.1

Examining the impact of e-waste on children’s health outcomes and understanding

the mechanisms of transmission is critical, because research suggests that pollutants from

e-waste are linked to both acute health symptoms and potentially fatal health risks. Studies

have found that e-waste dumping sites are point sources of heavy metal pollutants, such

as lead, arsenic, mercury, and chromium. These heavy metals are released into water and

1To give a sense of the timeline, Lovo and Rawlings (2021) posted their discussion paper on a similar
topic in July 2021. We have been working on this topic completely independently. My research project
of e-waste and child health was initiated in Spring 2020, and the DHS approved my data application on
October 12, 2020 for my registered e-waste project. Lovo, Rawlings, authors of the other paper, and I got
in touch in October 2021, and we agreed on not to combine our papers partly due to numerous points of
departure in our works - most importantly in key identifications and major contributions. According to
our email exchanges, Lovo and Rawlings started their project of pollution and health in 2017. We were
unaware of each other’s work before Lovo and Rawlings (2021) went public first.
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soil, and they accumulate in surrounding water systems, food crops, and animals. Then

these heavy metals disseminate into human bodies through water and food consumption

(Daum et al., 2017; Rai et al., 2019; Thanomsangad et al., 2020). Ingesting heavy metals,

such as cadmium and mercury, in higher amounts can lead to stomach irritation and result

in vomiting and diarrhea (Jaishankar et al., 2014). Rehman et al. (2018) also discovered

that heavy metal-contaminated water results in child morbidity and mortality.

In addition to heavy metals, e-waste dumping sites also produce airborne organic chemi-

cals, most notably polybrominated diphenyl ethers (PBDEs) and hexabromocyclododecanes

(HBCDs) (Daum et al., 2017). The organic chemicals are released into the air, soil, and

water, entering the bodies of e-waste recyclers and residents of nearby communities. Air-

borne pollutants disseminate into the air, as many recyclers engage in open burning of

e-waste byproducts to extract valuable metals, for example copper, from e-waste for resale.

Recycling workers and residents in neighboring communities reported having respiratory

illnesses (Daum et al., 2017). Therefore, in this paper, I examine the effects across multiple

dimensions of adverse health outcomes in infants: acute health symptoms (diarrhea and

coughing), potentially fatal health risks (infant mortality and low birth weight), and related

health measures (height-for-age and weight-for-age z-scores). These risks in early childhood

are particularly concerning, as Currie and Almond (2011) point out the importance of child

development before age five, and some damages inflicted on children’s health are irreversible

in later life.

I also identify two potential mechanisms of how e-waste pollution leads to adverse

health outcomes: the mother’s tetanus vaccine take-up during or before pregnancy and

the sources of drinking water. Tooher et al. (2005) have pointed out that, at present,

few empirical studies have documented the interactive relationship between infant health

outcomes and the increased risk of infectious disease, particularly tetanus infection, even

though epidemiologists believe that it is a much more worrisome issue in communities near

e-waste dumping sites. To the best of my knowledge, this paper is the first in the economics

literature, and among the few in epidemiology and public health, to examine the impact

of maternal tetanus vaccination during or before pregnancy on child health outcomes near

e-waste dumpsites.

Environments with poor sanitation and frequent injuries, such as an e-waste recycling

site, can pose a higher risk for tetanus infections (Parvez et al., 2021). Thus, maternal

tetanus vaccination is a key measure to mitigate tetanus infection in children, in addition to

children’s uptake of the Tetanus, Diphtheria, and Pertussis (Tdap) vaccine. After getting
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the vaccine, mothers’ bodies starts to make antibodies against the bacteria. Some of these

antibodies can cross the placenta and be passed to the fetus, and help the child obtain

antibodies until the child can receive their own vaccines (Campbell et al., 2018). The source

of drinking water is also a critical mechanism to explore, as heavy metals from e-waste

can contaminate water supplies and enter the human body through drinking and food

consumption (Daum et al., 2017; Rai et al., 2019; Thanomsangad et al., 2020).

I use the Demographic and Health Survey (DHS) data for Accra, Ghana, from 1993 to

2017. The DHS provides the latitude and longitude geocode for each survey cluster, which

allows me to pinpoint the geographic location of a cluster in the Geographic Information

System (GIS) so that I can determine its distance to Agbogbloshie. I employ a difference-

in-differences (DID) framework to investigate the effects on infants’ health outcomes of

being born within the exposure area of Agbogbloshie, Ghana. I compare them to the health

outcomes of infants born in the same city, Accra, but far away from this e-waste dumpsite.

Here are the main findings from this study. I discover that living in the exposure area

(5 kilometers) of Agbogbloshie significantly increases the probability of a child suffering

from diarrhea, by 52 percentage points.2 When the household does not have access to safe

sources of drinking water, children in the exposed area are 66 percentage points more likely

to have diarrhea than children who do not have access to secure drinking water in the

unexposed area. Having safer sources of drinking water significantly mitigates the risk of

an infant having diarrhea by 47 percentage points (about 71% of the total adverse effect).

Living at a close distance to the e-waste dumping site also increases the likelihood that an

infant has a respiratory illness (cough) by 48 percentage points.

Infants are 0.95 kilograms lighter when mothers have not received a tetanus vaccine in

the exposed area compared to infants’ birth weight of whose mothers have not received a

tetanus vaccine in the unexposed area. However, this adverse effect can be significantly

mitigated by mothers’ uptake of at least one dose of tetanus vaccine before or during

pregnancy, which mitigates lower birth weight by 0.68 kilograms (about 72% of the total

adverse effect).

I also investigate two channels that lead to the adverse health outcomes due to the

e-waste dumpsite. First, detrimental health outcomes are caused by the consumption of

contaminated water for families that live near an e-waste dumpsite site, as the surface water

and pipelines near the dumpsite are more susceptible to heavy metal pollution (Monney

et al., 2013). The second channel is the exposure to higher risks of tetanus infection when a

2The average probability of children having diarrhea in the control group is about 27%.
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household lives within the exposure area of the e-waste dumpsite. I find that when a mother

is vaccinated against tetanus, her newborn is less likely to experience premature birth.

This is because antibodies for tetanus bacteria can cross the placenta and be passed to the

fetus, providing the child early protection until they are old enough to receive vaccinations

(Campbell et al., 2018).

After studying the association between household characteristics and the consumption

of safer alternatives of drinking water, I find evidence that the less wealthy households are

aware of the deleterious effects of drinking unsafe sources of water in the treated area. The

less wealthy families are more willing to spend money on the more expensive alternatives of

water if they live in the exposed area.

The structure of the rest of this paper is as follows. Section 3.2 discusses the data sets,

determination of the year of intervention, and the selection method of the treatment and

control groups. Section 3.3 introduces the empirical frameworks. Section 3.4 presents the

main results. Section 3.5 presents the robustness checks. Section 3.6 concludes.

3.2 Data

This paper employs individual-level survey data for Ghana from the Demographic and

Health Surveys (DHS) and the Multiple Indicator Cluster Surveys (MICS) from the United

Nations Children’s Fund (UNICEF). The DHS and the MICS data are structured as repeated

cross-sectional data sets but include retrospective birth panels of mothers. Households are

surveyed only once in the DHS and the MICS data, so the households to be surveyed in the

next wave are different from those in the previous waves. However, a mother’s retrospective

birth panel embedded in each year’s data contains information about a mother’s entire birth

history. I utilize the retrospective birth panel for the study.

The DHS data provide geographic information of clusters for the following waves: 1993,

1998, 2003, 2008, 2014, and 2017. The cluster-level GPS information enables connecting

individuals’ survey clusters to a pinpoint of longitudinal and latitudinal geocode. There are

in total of 3,125 infants from the DHS data and 566 infants from the MICS data, and the

combined sample size is 3,691. The control group contains 163 clusters, and the treatment

group has 132 clusters in total. Among the 3,691 children in the sample, 1,636 were born in

the treated group and 2,055 were born in the control group.

The MICS data are highly comparable to the DHS data. They have similar data

structures and survey questions. Instead of providing anonymized geocode information,
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the MICS offers the locality (neighborhood of Accra) information of the respondents in its

2010-2011 survey. This allows for a more precise calculation of the distance to the dumping

site. The MICS provides locality information only in the 2010-2011 survey of Ghana, but

not in other waves; therefore, only a small sample size from the MICS can be used.

Information on household characteristics, such as the wealth level and mother’s education,

is available in both the DHS and the MICS data sets. The outcomes of interest consist of

children’s physical symptoms and birth outcomes. Children’s physical symptoms include

diarrhea and the respiratory illness, which are directly impacted by living in the vicinity

of the dumping site (Jaishankar et al., 2014; Daum et al., 2017). Birth outcomes consist

of infant mortality, infant birth weight, child’s weight-for-age z-score, and height-for-age

z-score. Diarrhea and the respiratory illness are recorded in surveys as whether the child

had the symptom in the past two weeks. They are binary variables coded as 1 if yes and 0

otherwise. Note that infant birth weight is measured in kilograms, and it is topcoded at

the 99th percentile to avoid extreme weights. Infant mortality is a binary outcome coded

as 1 if a child dies before reaching the age of 12 months; it is coded as 0 otherwise. The

weight-for-age and height-for-age (age in months) z-scores are calculated based on the 2007

WHO reference (Onis et al., 2007).

3.2.1 Determining the Year of Intervention

A key challenge that this paper must address is to identify an exact year of intervention.

So far, I have not found any organizational or administrative document that convincingly

pinpoints a precise year when this e-waste dumpsite started to become a hazard to the

surrounding residents. Here is a brief review of the history of Agbogbloshie based on

Amoyaw-Osei et al. (2011).

In 1994, the National Youth Council of Ghana, the custodians of the land that later

became Agbogbloshie, leased the land to the Scrap Dealers’ Association of Ghana. It then

became the hub of an informal recycling industry in Ghana, but the place was not yet

a hazardous e-waste dumping site. Second-hand electrical and electronic devices such as

mobile phones, televisions, computers, and radios were frequently shipped from Europe and

North America, and this flow of imports increased by nearly a factor of three between 2003

and 2008 (Amoyaw-Osei et al., 2011). Through the accumulation of used electronic devices

shipped from foreign countries, this piece of land gradually became the infamous dumpsite

Agbogbloshie.
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To pinpoint an exact year of intervention, I refer to the research literature in marine

biology and environmental studies that first documented the adverse effect of Agbogbloshie

on the surrounding environment and residential community. Alarming marine consequences

have been first observed by environmental scientists and marine biologists as early as 2002.

Consequences included harmful effects on aquatic plant and animal species, for example,

smaller, sicker, and sparser fish stocks (Owusu Boadi and Kuitunen, 2002; Bandowe et al.,

2014; Daum et al., 2017). Note that Agbogbloshie is close to the center of the coastal city

Accra, Ghana. This channel is consistent with the research that shows that e-waste dumping

sites release heavy metals into water and soil and cause damage to surrounding water

systems and the environment (Jaishankar et al., 2014; Daum et al., 2017; Thanomsangad

et al., 2020). I utilize the findings from these studies to pinpoint that the year of treatment

is the year 2002.

3.2.2 Selecting the Treatment and Control Groups

To ensure that respondents’ confidentiality is maintained, the DHS randomly displace the

GPS latitude and longitude positions for all survey clusters or communes. For clusters in

the urban area, the DHS first selects a random direction (angle) between 0 and 360 degrees.

Then it selects a random distance from a minimum of 0 and a maximum of 2 kilometers for

the urban cluster. Finally, combining the results of the previous two steps, the DHS assigns

the new GPS coordinate based on the true GPS information to the cluster. Therefore, the

clusters used in this paper, which are all drawn from the urban area, contain a minimum

of 0 and a maximum of 2 kilometers of error in the precision of geocode. Households in

the same survey cluster or commune are assigned with the same geocode, and the noise in

geocode is implemented at the cluster level. In my sample, each cluster has 10.42 households

on average. To account for the noise implemented in the geographic information, I assign

the survey clusters to the treated and control groups as follows.

First, the sample only includes survey clusters in the urban areas of the Greater Accra

Region of Ghana. There are two reasons. Firstly, Agbogbloshie is located close to the urban

center of Accra. Thus, people in the treated clusters (individuals living in the vicinity of

the dumpsite) are all urban residents. It is unreasonable to include rural households in

the control group, because of potential structural differences in the baseline characteristics

between urban and rural households, hence different outcomes in children’s health outcomes.

Secondly, the DHS imposes a 2 km noise to the geocode of the urban clusters, while it
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implements a 5 km noise to the geocode from the rural clusters. Using survey clusters

exclusively in the urban area helps reduce the magnitude of noise in the measurement.

Second, I need to determine the distance from the e-waste dumpsite, within which

the residents are considered to live in the exposure area. To do this, I have extensively

reviewed the literature in the fields of public health and epidemiology. Some researchers,

for example Dolk et al. (1998), used buffer zones of 3 km and 4 km. Some epidemiologists

considered a distance of 2–4 km between the exposure areas and hazardous-waste landfill

sites to be informative (Jarup et al., 2002). Based on a waste management report by the

World Health Organization (2007), similar choices have also been made by other research

papers. They adopted 2–3 km circles, and they do not use a 1 km circle because of large

data fluctuations (World Health Organization, 2007). The same report by the World Health

Organization also points out that a distance of 5 km between the exposure areas and landfill

site was considered by some studies in order to acquire a more “powerful” study because

it allows for a larger potentially exposed population (World Health Organization, 2007).

There is sufficient evidence suggesting that epidemiologists and public health experts have a

consensus on the circles of exposure of being 2-5 km from the center of the e-waste dumpsite

(World Health Organization, 2007).

Based on the consensus in the rich volume of research in public health and epidemiology,

I choose to use a radius of exposure of 5 km from the center of the Agbogbloshie as the

primary definition of the treated area. For robustness check purposes, I also show the results

when using 4 km, 3 km, and 2 km to be the buffer zones for the treated group.3

3Butts (2021) suggests that to identify unbiased average treatment effect on the treated using DID
method with geocoded microdata requires two assumptions: (1) parallel trends; and (2) knowing how
far treatment effects extend. To relax the second assumption, Butts (2021) proposes a nonparametric
estimation that uses infinitely partitioned distance intervals. Based on the TWFE event study result, my
DID approach satisfies the parallel trends assumption. Given the prior research on e-waste, I arguably have
knowledge of the exposure distance from an e-waste dumpsite. For further robustness checks, I also utilize
and report the result of continuous treatment with 1/distance and 1/distance2 to the dumping site, which
is consistent with the nonparametric approach that Butts (2021) proposes.
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To show an example of how treatment and control clusters are selected, the graph

presented in Figure 3.1, generated by the GIS, illustrates the DHS clusters in 2003, the

e-waste dumpsite Agbogbloshie and the buffer zones from the e-waste dumpsite layered on

the map of the Greater Accra region of Ghana.

Figure 3.1, which presents two buffer zones and the survey clusters in 2003, serves as

an example of how the treated and control clusters are defined. The survey clusters that

fall within the 5 km buffer zone are assigned to the treated group. These clusters are all

in the urban area because Agbogbloshie is located fairly close to the city center of Accra,

Ghana. I use the Ministry of Finance of Ghana to represent an approximate location of the

central business district of Accra. In contrast, the clusters that lie outside of the 7 km circle,

while remaining in the urban area of the Greater Accra Region of Ghana, are assigned

to the control group. To account for the 2 km noise in the cluster-level GPS information
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implemented by the DHS, the clusters that fall between the 5 km and the 7 km buffer zones

are excluded from the analysis. I exclude the clusters in between because they can either

fall into the 5 km buffer zone or fall outside of the 7 km buffer zone due to the noise in the

geocode.

The clusters that are on the periphery of the 5 km buffer zone, in the most extreme

case, may be 7 km away from the center of Agbogbloshie. However, it is very unlikely to

happen because first, the noise of a cluster’s geocode must extend exactly in the direction

away from the dumping site; second, the noise has to be exactly 2 km from a continuous

interval from 0 to 2 km. Statistically, it is extremely unlikely for both of the conditions to

be satisfied at the same time. The same reason also holds for selecting the control groups. I

repeat the same selection process for all the other waves other than 2003.

To test the balance of key covariates that may impact health outcomes after infants

are born, I generate a balance table (Table 3.1) to compare the key covariates between the

treatment and the control groups. All the clusters are in urban areas. Wealth quantile,

reported by the DHS and MICS, is a categorical variable ranging from 1 to 5. The wealth

quantile equal to 1 indicates that the household belongs to the lowest wealth quantile, and

5 indicates that the household belongs to the highest wealth quantile. Mother’s years of

education is defined as the total number of years of education that she had completed in the

year of the child’s birth. Mother’s weight refers to her body weight, measured in kilograms,

in the year of the child’s birth. Mother’s age at birth measures a mother’s age in the year of

the child’s birth. The variable “Female Child” captures the share of female children within

the treatment or control group. The variable “Twins” indicates the proportion of twin

births among all births in the treatment or control group. As shown in Table 3.1, there are

no significant differences in key covariates between the treated and the control group.
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3.3 Empirical Framework

In order to assess the impact on infant health of being born within the circle of exposure of

the e-waste dumpsite Agbogbloshie, I estimate the following two-way fixed effect difference-

in-differences (DID) model.

Yijt = β0 + αj + λt + δDD ∗Djt + γ′ ∗Xit + ϵijt (3.1)

where Yit is the outcome of interest for individual i in cluster j at birth year t. The outcomes

of interest are diarrhea, respiratory illness, infant mortality, birth weight, weight-for-age

z-score, and height-for-age z-score. The estimate of interest δDD is the coefficient of the
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DID estimate, αj is the cluster fixed effect which controls for all time-invariant cluster

characteristics, λt is the year fixed effect which controls for all time-varying factors common

across clusters, the vector Xit represents the set of household level control variables, and

ϵijt is the error term.

The vector of control variables includes the mother’s education, mother’s weight, sex

of the child, whether the child is born as one of the twins, and the mother’s age at birth.4

The analysis of the DID model spans from 5 years before the year of treatment (2002) to

10 years since the year of treatment (including the year 2002). Note that the mother fixed

effect is collinear with the binary treatment status because the treatment status depends on

the geographic information of the household, but it does not collinear with the interaction

term of the treatment and child’s year of birth, which is the estimate of interest Djt. The

key is that knowing the year of interview does not necessarily tell a child’s year of birth. As

I discuss previously in the Data section, despite being surveyed only once, each wave of the

survey contains information about a mother’s entire birth history.

I also employ a second identification strategy which utilizes the distance from the

clusters to the dumping site and implements continuous doses of treatment. The treatment

is 1/distance2 based on the inverse-square law in physics. For robustness, I also show the

result of using 1/distance to the dumping site as the treatment. The continuous dose of

treatment becomes larger if a cluster is closer to the dumping site, and it becomes smaller as

a cluster locates further from the dumping site. No cluster in my sample has zero distance

to the dumping site. The identification strategy using a continuous dose of treatment is as

follows.

Yijt = β0 + αj + λt + δDD ∗ Aftert ∗
1

Distance2j
+ γ

′ ∗Xit + ϵijt (3.2)

where the estimate of interest δDD is the DID estimate, Aftert is 1 if the year is or after

2002 and vice versa.

To test the pre-trends and to gain more insights into the dynamics of how living in the

vicinity of the dumpsite affects health outcomes over time, I extend the DID framework

given in Equation (3.1) and perform a two-way fixed effect event study analysis, estimating

4Note that household wealth quantile is not included as a covariate because it is a bad control that can
also be a part of the outcome from working in or living in the vicinity of the dumping site, which is close to
the city center of the Accra.
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the following specification:

Yijt = β0 + αj + λt +
9∑

t=−5
t̸=0

δt ∗Djt + γ
′ ∗Xit + ϵijt (3.3)

where the series of δt are the estimates of interest, Djt is 1 if the child was born in a treated

cluster in the corresponding t, and it is 0 if otherwise. In this event study specification,

children’s health outcomes for 5 years before 2002 and 10 years since 2002 are examined,

given that 2002 is the reference year.

Lastly, I employ a difference-in-difference-in-differences (DDD) estimator to investigate

the heterogeneous effects based on family characteristics and to examine potential mecha-

nisms that cause the adverse effects of e-waste dumping on children’s health outcomes as

follows.

Yijt = β0 + αj + λt + δDD ∗Djt + β1 ∗Mijt + δDDD ∗Djt ∗Mijt + γ
′ ∗Xit + ϵijt (3.4)

where δDD is the DID estimate, Mijt stands for the family characteristic or the mechanism

that links the e-waste pollution to a child’s health outcomes, and δDDD is the DDD estimate.

I explore the following family characteristics for heterogeneous effects: family’s wealth level,

mother’s education, and mother’s occupation. For mechanisms, I explore the sources of

drinking water and whether a mother received at least one dose of tetanus vaccine before or

during pregnancy. These two potential mechanisms have been reported by public health

experts and epidemiologists for their mechanisms of addressing the potentially detrimental

effects of e-waste pollution (Ihedioha et al., 2017; Tooher et al., 2005).

A family’s wealth level is a binary variable measuring whether a household is above the

threshold of average family wealth; it is 1 if a household’s wealth level is above average

and vice versa. The wealth index, calculated by the DHS, is a composite measure of

a household’s ownership of selected assets, which is an effective measure to identify the

household wealth level in a third-world country. Mother’s education is a binary variable

coded as 1 if a mother’s highest completed degree is secondary education or above; it is

entered as 0 if a mother’s education is below secondary. A mother’s occupation is also

a binary variable measuring whether a mother has a job that is less likely to be directly

exposed to e-waste pollution. Occupations such as professionals, clerical workers, and

managers are considered less likely to be directly exposed to the pollution, while jobs such as
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manual workers, retailers, and agricultural workers are considered more likely to be directly

exposed to the pollution. The job binary variable is coded as 1 if a mother is employed by

a position that is less likely to be directly exposed to the pollution and vice versa.

The source of drinking water is a binary variable that equals 1 if a household regularly

consumes safe alternatives of drinking water; it is 0 if a household regularly consumes unsafe

sources of drinking. The second mechanism to explore is whether a mother received at least

one dose of tetanus vaccine before or during pregnancy. It is coded as 1 if a mother received

a least one tetanus vaccine and it is 0 otherwise.

3.4 Main Results

I study the impact of living in the exposure area of an e-waste dumping site on the following

health outcomes: infant mortality, birth weight (kilogram), whether a child had diarrhea

in the past two weeks, whether a child had a respiratory illness in the past two weeks, a

child’s weight-for-age (age in months) z-score, and height-for-age (age in months) z-score.

Tables 3.2 to 3.7 present the average impact on the health outcomes for those who live in

the vicinity of the dumping site, showing the results using different buffer zones (5 km, 4

km, 3 km, and 2 km) and two continuous treatment estimates (1/distance and 1/distance2

to the dumping site), respectively. Tables 3.8 to 3.13 present the heterogeneous effects of a

household’s wealth level, mother’s education, mother’s occupation, and a related potential

mechanism on the health outcomes, respectively. Section 3.4.1 presents the main results.

Section 3.4.2 discusses the channel that links sources of drinking water to a child’s health

outcomes. Section 3.4.3 discusses the mechanism that connects women’s tetanus vaccine

take-up and infant’s health outcomes

3.4.1 The Main Results

As shown in Table 3.2, living in the exposure area has a statistically significant (at the

1% level) impact on the probability of an infant (0-12 months old) suffering from diarrhea

across all specifications (changing the buffer zones and using the continuous treatment

strategy). A child who lives in the 5 km buffer zone is 52 percentage points more likely to

have diarrhea in the past two weeks than a child living in the control area.5 The adverse

effect increases as households live closer to the dumping site. A child who resides in the 2

5The average probability of children having diarrhea in the control group is about 27%.
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km buffer zone becomes 61 percentage points more likely to suffer from diarrhea than a

child in the control area. The DID estimates are all significant at the 5% or 1% level and

the percentage points are all larger than 40, revealing a concerningly higher risk of diarrhea

living in the exposure area. The continuous treatment specification also demonstrates a

worsening effect as the household lives at a closer distance to the dumping site.

I find varying mitigating effects of having a higher household’s wealth level, higher

mother’s education, more decent mother’s occupation, and safer sources of drinking water

on infants’ diarrhea (Table 3.8).6 The difference-in-difference-in-differences (DDD) estimates

on the mother’s occupation and the water source are significantly negative, meaning that

when a mother is hired by a job that is less likely to be directly exposed to the pollution,

her infant is 14 percentage points less likely to have diarrhea compared to an infant whose

mother, holding all else constant, has an occupation that is more likely to be exposed to

the e-waste. The magnitude of the mitigating effect of consuming safer alternatives of

drinking water is the largest among all heterogeneous effects and it is statistically significant.

Children who do not have access to secure drinking water in the exposed area are, on

average, 66 percentage points more likely (at the 1% significance level) to have diarrhea than

children who do not have access to secure drinking water in the unexposed area. Having

safe sources of drinking water significantly (at the 5% and 10% level) mitigates the risk of

an infant suffering from diarrhea by 47 percentage points (about 71% of the adverse effect).

The link that connects sources of drinking water to child’s health outcomes will be further

discussed in Section 3.4.2.

6A more decent mother’s occupation indicates whether the mother’s job is less likely to be directly exposed
to e-waste pollution. Occupations such as professionals, clerical workers, and managers are considered less
likely to be directly exposed to the pollution, while jobs such as agricultural workers, manual workers, and
retailers are considered more likely to be directly exposed to the pollution.
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Living in the vicinity of Agbogbloshie increases the likelihood that an infant has a

respiratory illness (cough) by about 50 percentage points (Table 3.3). It is statistically

significant at the 10% level in all four binary treatment specifications. As presented in Table

3.9, the harmful effect that creates a respiratory illness is significantly (at the 5% level)

alleviated when a mother has received at least secondary education. The adverse effect is

also significantly (at the 1% level) mitigated by 50 percentage points (about 68% of the

adverse effect) when a mother has an occupation that is less likely to be exposed to the

pollution.

Infant mortality, on average, is not statistically higher in households living in the

vicinity of the dumping site than in households that are far away (Table 3.4). Despite

statistically insignificant due to a smaller sample size and a larger standard error, it is

notable that mothers who did not receive a tetanus vaccine faced a much larger risk of

infant mortality (25 percentage points higher) than those who received at least one dose

of tetanus vaccine before or during pregnancy (Table 3.10). I also find a significant (at

the 5% level) heterogeneous effect on infant mortality based on family wealth (Table 3.10).

However, other household characteristics do not appear to exhibit a significant effect. Thus,

the estimate of the heterogeneous effect on infant mortality based on family wealth can be
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a spurious significance.
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On average, I find a statistically insignificant but universally negative impact on an

infant’s birth weight of living in the exposure area (Table 3.5). However, when I examine

heterogeneous effects on infants’ birth weight by maternal tetanus vaccination uptake (Table

3.11), I discover that infants are, on average, 0.95 kilograms lighter (at the 10% level)
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delivered by mothers who did not receive a tetanus vaccine in the exposed area compared to

the birth weight delivered by mothers who did not receive a tetanus vaccine in the unexposed

area. This adverse effect can be significantly (at the 1% level) mitigated by mothers taking

the tetanus vaccine before or during pregnancy, which alleviates lower birth weight by 0.68

kilograms (about 72% of the adverse effect).

On average, there is a statistically insignificant and universally negative impact on a

child’s weight-for-age z-score and no effect on a child’s height-for-age z-score of living in the

exposure area (Table 3.6 and 3.7). The weight-for-age and height-for-age z-scores do not

exhibit significant heterogeneous effects either (Table 3.12 and 3.13). Catch-up growth in

low-birth-weight infants is a potential explanation for evidence that I found of lower birth

weight in the exposed area but no statistically significant evidence of lower weight-for-age

and height-for-age z-scores. Infants with low birth weight may experience rapid postnatal

catch-up growth, especially in the first year of life, which can occur spontaneously or be

promoted through interventions (Cooke et al., 2023).

I estimate the two-way fixed effect (TWFE) event study estimator for all six health

outcomes and present the coefficient plots in Figure 3.2. As illustrated by the coefficient

plots, the parallel trend assumption holds in the estimation. The likelihood of infants,

whose households live in close vicinity of the e-waste dumping site, having a respiratory

illness significantly rises between 2003 and 2008 and it returns to zero after 2009. Despite

its weak statistical significance, I also find a consistent increase between 2003 and 2008

in the probability of infants suffering from diarrhea in the treated area. I do not observe

significant changes in the coefficient plot of any other outcomes, except that there is a

significant reduction in the weight-for-age z-score for those who were born in the year 2008.
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I acknowledge that some of the effects are very large, such as the effect on diarrhea,

respiratory illness, and the heterogeneous effect of maternal tetanus vaccination on infant

birth weight. One possible reason that the effects are large on these outcomes is that the
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sample sizes are smaller due to missing values. A smaller sample size leads to less precise

regression estimates, which makes the confidence intervals wider. Thus the actual impact is,

with 95% probability, somewhere in the 95% confidence interval, which includes values that

are much lower than these large point estimates.

3.4.2 The Sources of Drinking Water

In Accra, Ghana, residents consume two main types of water, pipe-borne water and sachet

water (Monney et al., 2013). Pipe-borne water or tap water is regarded as unsafe and

inappropriate to drink, and in contrast sachet water or bottled water have become the safer

alternative source of drinking water (Monney et al., 2013; Kangmennaang et al., 2020).

The pipe-borne water is contaminated mainly from two sources. First, the pipelines tend

to be poorly maintained and broken at places. The broken pipelines are either unfixed

or tied with plastic bags, and they run through sewage water and drains. For example, a

picture is shown in Figure 3.3. The e-waste dumpsite is a point source of heavy metals,

such as lead, arsenic, and chromium, that release into surrounding water and soil. Water

in the leaking pipelines that run through sewage water exchanges substances with the

contaminated open water systems (Monney et al., 2013). Lack of safe water storage is

another source of contamination. Pipe-borne water is mostly stored in ground level open-air

concrete tanks that local residents depend on, and some of the tanks are rarely cleaned

(Monney et al., 2013). Ingesting heavy metals, such as cadmium and mercury, in higher

amounts can lead to stomach irritation and result in vomiting and diarrhea (Jaishankar

et al., 2014).
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A DHS survey question asks about the household’s source of drinking water. It provides

detailed options for piped water, tap water, bottled water, sachet water, and other water

sources. I created a binary outcome of interest to determine whether a household consumes

sources of safe water subject to the answers to the above question. The binary outcome is

coded as 1 if the household’s source of drinking water is from safe sources such as bottled

water or sachet water; the variable is coded as 0 if the source of drinking water comes from

contaminated sources such as piped water and tap water.
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I discuss in Section 3.4.1 that having safe sources of drinking water significantly mitigates

the risk of an infant suffering from diarrhea by 47 percentage points (about 71% of the

adverse effect). To understand the dynamics of how differences in family characteristics lead

to the take-up of safe or unsafe sources of water, I implement a test from Pei et al. (2019)

by running a series of regressions with water take-up on the left-hand side of the regressions

and regress it on a household characteristic variable, the DID treatment estimate, and

an interaction term between the household characteristic variable and the DID treatment

estimate. The results are reported in Table 3.14.

I find that, without the treatment in place, households having a higher wealth level,

having mothers who have completed at least secondary education, and having mothers

whose occupation is less likely to be exposed to the e-waste pollution have a significantly

higher take-up of safe sources of water. Very interestingly, the gap in safe water take-up

between the wealthier and the less wealthy households significantly closes by 15 percentage

points in the treated group, but not fully mitigating the income effect (there is still a

five-percentage-point difference in the take-up probability). This suggests that the less

wealthy households are aware of the detrimental effects of drinking unsafe sources of water

in the treated area because they would not spend money on the more expensive alternatives

of water if they were in the untreated area. This leads to important policy implication

that providing safe sources of drinking water at a more affordable rate to the less wealthy

families is the key to close the gap in safe water consumption and to reduce child diarrhea

in the exposed area.

3.4.3 The Risk of Tetanus Infection

Tetanus is caused by the bacterium Clostridium tetani, commonly found in soil, dust,

and animal feces. Infection typically occurs when the bacteria enter the body through

open wounds or punctures. Living in the vicinity of an e-waste dumping site, where poor

sanitation and frequent injuries from sharp metal fragments are common, increases the risk

of tetanus infections (Parvez et al., 2021). Maternal tetanus vaccination plays a crucial role

in preventing tetanus infections in children, especially before the Tetanus, Diphtheria, and

Pertussis (Tdap) vaccine is administered to children. When a mother is vaccinated, her

immune system produces antibodies against the bacteria. These antibodies can cross the

placenta and be transferred to the fetus, offering the child early protection until they are

old enough to receive their own vaccinations (Campbell et al., 2018).
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Having immunity against the tetanus bacteria is critical for mothers and children near

an e-waste dumping site, as maternal and neonatal tetanus infections continue to be a major

cause of neonatal mortality with high fatality rates among infants born to inadequately

vaccinated mothers following unsanitary childbirth practices, particularly in low-income

countries (Kanu, 2022). Maternal and neonatal tetanus infections can also lead to premature

births, as infants who exhibit lower levels of anti-tetanus antibodies are more like to be

born prematurely when there is a tetanus infection (Perin et al., 2012).

Therefore, tetanus vaccination and its potential mitigation effect is a key mechanism

that I examine. I explore heterogeneous effects on infants’ birth weight by maternal tetanus

vaccination uptake and present the results in Table 3.11. I find that infants are, on average,

0.95 kilograms lighter when their mothers have not received at least one dose of tetanus

vaccine in the exposed area compared to infants’ birth weight of whose mothers have not

received a tetanus vaccine in the unexposed area. This adverse effect can be significantly

(at the 1% level) mitigated when mothers take at least one dose of tetanus vaccine before or

during pregnancy. This mitigates infants’ lower birth weight by 0.68 kilograms (about 72%

of the adverse effect).
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To understand how tetanus vaccination is related to household characteristics, I imple-

ment a Pei et al. (2019) test by running a series of regressions with tetanus vaccine take-up

on the left-hand side of the regressions and regress it on household characteristics variable,

the DID treatment estimate and an interaction term between the household characteristics

variable and the. DID treatment estimate. The results are presented in Table 3.15.
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Household wealth level and mother’s occupation both have significant positive effects

on the vaccine take-up by 8 and 7 percentage points, respectively. More importantly, in

the treated area, mothers whose jobs are riskier to tetanus infection are more likely to

take the tetanus vaccine than mothers whose works are less risky to tetanus infection, even

though occupations, such as clerical and managerial jobs, that are less directly exposed to

e-waste and tetanus infection tend to pay at a higher rate. This provides evidence that,

in the exposed area, there is not necessarily a gap in the tetanus vaccine take-up between

the wealthier and less wealthy mothers. It means that mothers working in the e-waste

recycling industry are aware of the potential risk of tetanus infection and they utilize the

free vaccines offered by the Expanded Programme on Immunization (EPI) (Dow et al.,

1999). Another explanation would be that certain government agency or other aid agency

(local or international) made efforts to vaccinate women who work at e-waste sites. However,

I have not found programs or agencies that provide additional aid targeting the e-waste

workers in Ghana. With assistance from the EPI, immunization against the six childhood

diseases (i.e., diphtheria, measles, pertussis, poliomyelitis, tetanus, and tuberculosis) has

been instituted as part of Ghana’s primary health care program available for the entire

population (Nyarko et al., 2001). Therefore, the local government should keep providing free

essential vaccines to the general public, especially to the households that have an e-waste

worker and to the more disadvantaged households.
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3.5 Robustness Checks

I perform multiple placebo tests and robustness checks to assess the validity of the spec-

ifications and the results. In Section 3.5.1, I run a placebo test using a placebo year of

treatment (1995) holding every else the same in the specification. In Section 3.5.2, I perform

a robustness check using a placebo outcome. In Section 3.5.3, I conduct a robustness check

using only the DHS data (without the MICS data). In Section 3.5.4, I discuss the potential

impact of missing values on the validity of the results. Section 3.5.5 discusses other potential

threats to the validity of estimation.

3.5.1 Placebo Treatment Test

I implement placebo tests by running a series of regressions (Equation (3.1)) on a child’s

health outcomes but using a different year of treatment. The placebo test uses 1995 as the

year when treatment started and uses the data from 1990 to 1995 as the pre-treatment

period and 1995 to 1999 as the post-treatment period. Table B.1 reports the results of

the placebo treatment test. The results show that none of the estimates of interest are

significant across all specifications, and the effect sizes are also close to zero.

3.5.2 Placebo Outcome Test

I perform a robustness check using a placebo outcome - whether the child was born as one of

the twins or not. To my knowledge, no research has shown that exposure to the pollutants

released from e-waste causes women more likely to have babies in twins. The results are

presented in Table B.2. I run a series of regressions to test this outcome, with everything

else remaining the same. Across all specifications, the DID estimates are insignificant and

close to zero.

3.5.3 Using Only the DHS Data

I conduct a robustness check for effects on diarrhea without including the MICS data. I

chose to perform the test on diarrhea because this outcome exhibits the most statistically

significant results in all specifications in Table 3.2. It is important to verify the robustness of

this outcome. As shown in Table B.3, without including the MICS data, all of the estimates

are still statistically significant at the 1% level, and the magnitude of the coefficients is very

close to the coefficients in Table 3.2.
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3.5.4 Potential Impact of Missing Values on Results

Admittedly, the DHS data are not short of missing values in many variables. The outcome

variables that I have the most missing values are the infant’s birth weight, diarrhea, the

respiratory illness, weight-for-age z-score, and height-for-age z-score. For every outcome in

the treatment and the control group, I construct a table (Table B.4) to show the percentage

of households among the missing data in the corresponding outcome that are below the

average household wealth, have mothers whose highest degree completed are lower than

secondary education, and have mothers work in the industries that are more likely to be

exposed to e-waste pollution.

For all household characteristics, the missing data in the treatment group has a lower

percentage of households that are below the average level of wealth, but higher percentages

of households that have mothers with lower education degrees and work in more concerning

conditions. As shown in Table 3.8, household wealth level does not have a significant

impact on diarrhea, while the mother’s occupation has a significant mitigating effect on the

adverse outcome. On the other hand, wealthier households are more likely to afford safe

alternatives to drinking water, even though poorer households in the treated group are also

more incentivized to spend money on safe sources of water and close the gap. Therefore,

the impact of missing values on the estimates of diarrhea is ambiguous.

For the respiratory illness, household wealth level is not relevant, whereas the mother’s

education and occupation have a significant mitigating impact on reducing the likelihood of a

respiratory illness (Table 3.9). Sources of water are showing no effect on the respiratory illness

either. Therefore, the estimates of the respiratory illness are likely to be underestimated.

As presented in Table 3.10, household wealth level has a mitigating effect on infant

mortality, and other variables do not appear to exhibit a significant effect. Thus, the

estimates of infant mortality are more likely to be overestimated. Nonetheless, I do not

make important policy implications based on the findings on infant mortality throughout

the paper.

None of the three household characteristics are shown to have a significant impact on a

child’s birth weight (Table 3.11). Based on the heterogeneous effect of tetanus vaccines on

birth weight presented in Table 3.11 and the effect of household characteristics on tetanus

vaccine take-up in Table 3.15. It is evident that none of the household characteristics appear

to have a substantial effect on a child’s birth weight. Mothers in the treated area who work

in e-waste-related jobs are strongly inclined to take the tetanus vaccine which is offered for

free in Ghana thanks to the EPI program. Therefore, the missing values do not affect the
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estimates of a child’s birth weight.

I do not find any significant effect on a child’s weight-for-age z-score and height-for-age

z-score of living in the exposure area. Therefore, the potential impact of missing values on

the weight-for-age z-score and height-for-age z-score is the least concerning. In conclusion,

the missing values in the outcome variables do not affect the overall validity of the findings

in this paper.

3.5.5 Discussion of Potential Threats to Estimation Validity

According to Callaway et al. (2024), for the results in a DID strategy with a continuous

treatment to hold, two assumptions need to be satisfied. First, the parallel trends assumption

must hold. Based on the coefficient plots generated from the TWFE event study and the

results from various placebo tests, the parallel trends assumption for the setup of this paper

holds. Second, the variation of treatment intensity can be partially endogenous if there is

self-selection into different amounts of treatment intensity. Thus, a stronger assumption is

required to rule out selection into different treatment intensities. This assumption also holds

for this paper, because I verified the number of years each household had been living in the

reported location, and I included only the households that had been living in the surveyed

location as long as the woman was pregnant. No migration or selection into treatment

intensity occurred after the women became pregnant. Therefore, the health outcomes of the

child are not biased by self-selection.

The second potential threat is attenuation bias embedded in the geocode of the DHS data.

For confidentiality, the DHS implements a minimum of 0 and a maximum of 2 kilometers

of geographic noise for urban clusters in a random direction. Theoretically, a potential

attenuation bias leads to underestimation of the coefficients due to addition measurement

error (Wooldridge, 2016). The formula of attenuation bias is as follows,

plim
(
β̂1

)
= β1

(
σ2∗
x1

σ2∗
x1

+ σ2
e1

)
, (3.5)

where the estimated β̂ has a smaller magnitude than the true β due to an additional variance

from the attenuation bias in the denominator. Therefore, the attenuation bias resulting from

the noise in geocode implemented by the DHS is unlikely to bias the estimate away from

zero and lead to underestimation of the effects. Empirically, however, Michler et al. (2022)

have found that spatial anonymization techniques, on average, have limited to no impact
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on estimates of the relationship between weather and agricultural productivity. Therefore,

for this paper, I argue that the spatial anonymization technique introduced by the DHS

may lead to underestimation of the estimates or has no effect on the estimates.

3.6 Conclusion

This paper has assessed the effects of living in proximity to an e-waste dumpsite, Ag-

bogbloshie, on infant health outcomes in Ghana. The estimates based on the difference-

in-differences specifications provide evidence that living in the vicinity of Agbogbloshie

significantly increases the probability of a child suffering from diarrhea by 52 percentage

points. The adverse effect increases for households living closer to the dumping site. When

households do not have access to safe sources of drinking water, children in the exposed

area are 66 percentage points more likely to have diarrhea than children who do not have

access to secure drinking water in the unexposed area. Having safe sources of drinking

water significantly mitigates the risk of an infant having diarrhea by 47 percentage points

(about 71% of the total adverse effect).

After studying the household characteristics and the consumption of safe alternatives of

drinking water, I find evidence that the less wealthy households are aware of the deleterious

effects of drinking unsafe sources of water in the treated area. Less wealthy families are

less willing to spend money on the more expensive alternatives of water if they live in an

unexposed area.

I find that living in the exposure area of the e-waste dumping site, Agbogbloshie, increases

the likelihood that an infant has a respiratory illness by about 50 percentage points. The

likelihood that an infant suffers from a respiratory illness is significantly alleviated by 50

percentage points (about 68% of the total adverse effect) when the mother has an occupation

that is less likely to be exposed to the pollution.

I also find that infants are 0.95 kilograms lighter delivered by mothers who did not

receive a tetanus vaccine in the exposed area compared to the birth weight delivered by

mothers who did not receive a tetanus vaccine in the unexposed area. However, this adverse

effect can be significantly mitigated by mothers taking the tetanus vaccine before or during

pregnancy, which alleviates lower birth weight by 0.68 kilograms (about 72% of the total

adverse effect).

A mother’s occupation has a significantly positive effect on the vaccine take-up. In the

treated area, mothers whose jobs are more susceptible to tetanus infection are more likely to
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take the tetanus vaccine than mothers whose works are less susceptible to tetanus infection.

Therefore, in the exposed area, there is not necessarily a gap in the tetanus vaccine take-up

between mothers from the wealthier and the less wealthy households. It also shows evidence

that people working in the e-waste recycling industry are aware of the potential risk of

tetanus infection and they are willing to take vaccines to redress the corresponding risk.

The findings provide meaningful policy implications. In the long run, the international

world should seek to ban the import and export of e-waste. The developed countries

need to recycle their e-waste rather than dumping it into the developing countries at a

trivial expense. The 1995 Basel Ban Amendment, a global waste dumping prohibition, has

become an international law after being ratified by Croatia in 2019 as a result of the Basel

Convention in 2011. We need to keep the effective execution of this international law.

In the short run, local governments should establish programs that assist e-waste

collectors and handlers to find alternative employment. For those who cannot find alternative

employment immediately, local governments are recommended to provide safe sources of

drinking water at a more affordable rate to the less wealthy families, in order to close the

gap in the consumption of safe drinking water and to reduce child diarrhea in the exposed

area. Local government should also keep providing free essential vaccines to the general

public, especially to the households that are more susceptible to the potential adverse effects

of e-waste dumping sites.
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Chapter 4

The Decision-Making of College

Enrollment in an Increasingly

Independent World

4.1 Introduction

The decision-making process behind students’ higher education choices has long been a

central topic in education research. Understanding how students make these decisions, and

why disparities in college attainment persist, is critical for identifying the forces that shape

college access and for designing policies to reduce educational inequality. College education

in the United States is among the most expensive in the world. According to the National

Center for Education Statistics (2024), the average annual tuition and fees for full-time

undergraduate students in 2020–21 were $9,400 at public four-year in-state institutions and

$37,600 at private nonprofit four-year institutions, not including room, board, and other

expenses. Without sufficient financial support, students from low-income households face

significant financial barriers to accessing higher education, which contributes to persistent

inequality in college attainment (National College Attainment Network, 2023).

Student loans are intended to reduce college enrollment disparities by providing financial

support that enables students from disadvantaged backgrounds to pursue a college degree.

In the United States, there has been a growing trend in student loan borrowing to finance

higher education across all income levels (National Center for Education Statistics, 2015).

As shown in Figure 4.1, the share of college graduates carrying student loan debt has

79



steadily increased since 1992 across every income group. A substantial and growing share of

students now rely on loans to cover tuition costs, regardless of household income. Moreover,

the distribution of student loan debt has become more balanced over time, with graduates

from all socioeconomic backgrounds holding a more equal share of the overall debt burden

(Fry, 2014).

This paper develops a two-period discrete choice model to examine how higher education

decisions are shaped when student loans play an increasingly crucial role. The existing

literature typically views parental investments in children’s education as an instrument

for transferring income between time periods, where the parent and child work as a single

decision-making agent (Cai and Heathcote, 2022; Abbott et al., 2019; Keane and Wolpin,

2001). In our model, education is not perceived as a tool for intergenerational transfers but a

decision that is independently made by the children to maximize their life-cycle utility, and

children fully fund their higher education through borrowing. Our model is different from

the setting in other papers, as we aim to evaluate disparities in higher education attainment

under a constructed scenario in which all students, regardless of family income, rely on

student loans. It is useful to model a scenario where all students rely completely on student

loans, because the model highlights and helps us better understand whether disparities in

higher education attainment are due to unequal access to financing or to deeper structural

inequalities (for example, inequalities in K-12 preparation).
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The second contribution of this paper is that we model college quality as an endogenously

selected component of students’ higher education decisions. In reality, students do not simply

choose whether to attend college, but also which college to attend, weighing considerations

of quality, cost, and personal fit. The existing literature, for example Black and Smith

(2004), documented substantial ability-based sorting across colleges of different qualities.

However, much of these work treats college quality as an exogenous attribute rather than

modeling the endogenous sorting process itself. These studies typically measure college

quality using proxies such as the average SAT scores of entering classes, the high school

GPA, the average salaries of faculty, or freshman retention rates (Black and Smith, 2004;

Dale and Krueger, 2011; Hendricks et al., 2018). In contrast, our model incorporates college

quality as an endogenous choice, affected by students’ learning efficiency, expected labor

market returns after graduation, the base price of college, and the interest rates associated

with student loans. Endogenously modeling college quality allows for a more accurate

assessment of how policies targeting these factors affect both students’ college attendance

decisions and the quality of the institutions they ultimately attend.

The main data used in this study come from the National Longitudinal Survey of Youth

1997 (NLSY97), a nationally representative survey of American men and women born

between 1980 and 1984. We also incorporate data from the U.S. Department of Labor,
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the Federal Reserve Economic Data (FRED), and the Education Data Initiative to obtain

information on the federal minimum wage, the Federal Funds Effective Rate, and the

average in-state tuition for community colleges, respectively. To estimate our model, we

first construct the key variables using the available data, and then calibrate the model by

matching it to the moments to estimate the model parameters.

Based on our model, we evaluate the effectiveness of various policy alternatives designed

to promote educational attainment and close the gap in educational disparities across

different income levels. We assess the impact of the following policy alternatives on college

enrollment and the endogenously selected college quality: (1) investing in pre-college

education to improve children’s cognitive skills before college, (2) reducing college tuition

costs, and (3) eliminating interest rates on student loans. Our findings indicate that the most

effective strategy for reducing inequality in both college enrollment and the quality of college

attended is to provide all children with more equitable access to high-quality education

at an early age, which strengthens their cognitive abilities before college. Lowering the

interest rate on student loans has only a limited impact on college attendance. Additionally,

reducing baseline tuition costs disproportionately benefits students from higher-income

families, offering relatively less support to those from lower-income backgrounds. The main

driving force behind these findings is that the differences in predicted college enrollment

rates and endogenously chosen college quality across different household income levels

primarily come from variations in AFQT scores.

The structure of the rest of the paper is as follows. Section 4.2 demonstrates the

structural model and explains the estimation strategy. Section 4.3 describes the data used

for the analysis. Section 4.4 discusses variable measurement, presents model estimation

results, and evaluates model performance using three validation approaches. Section 4.5

presents the policy simulations and implications derived from the model. Section 4.6 provides

additional discussion, and Section 4.7 concludes.

4.2 Model

We construct a two-period discrete choice model. At the beginning of period 1, a high

school graduate decides whether to attend college (j = 1) or enter the workforce (j = 0).

Those who choose to attend college spend the entirety of period 1 in education. At the

beginning of period 2, individuals who attended college in period 1 graduate from university.

Regardless of their education decision at the beginning of period 1, all individuals work for
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the entire duration of period 2. Each agent aims to maximize their lifetime expected utility

Uij, where i denotes a representative agent and j represents the choice made.

Before presenting the model, we first define the two periods more precisely. This paper

uses data from the National Longitudinal Survey of Youth 1997 (NLSY97), which includes

a nationally representative sample of 8,984 American men and women who were between

12 and 16 years old in 1996. Respondents were interviewed annually from 1997 to 2017.

Typically, students graduate from a four-year college or university.1 For respondents in

the NLSY97, the average expected year of college graduation is 2008. In this two-period

model, period 1 is defined as the first four years following high school graduation. For those

pursuing higher education, this represents the time spent in college and the opportunity

cost of not working during this period. Period 2 is defined as the ten years following the

expected year of college graduation (approximately 2008–2017), during which individuals

are assumed to be in the workforce.

Assuming a linear utility function, the lifetime expected utility of a two-period-lived

individual is given by:

E(Uij) = Vij = u(c0) + βu(c1) = Cij,t=1 + δCij,t=2, (4.1)

where δ is the discount factor for future consumption, assumed to be constant across all

individuals. Note that Uij represents the true utility of a representative agent and consists of

two components: the observable component Vij and the unobserved error term εij. Written

as Uij = Vij + εij, Vij is the part of the true utility captured by the researcher, and εij is

the unobserved component, which is not explicitly included in this model. The nature of εij

will be further illustrated.

In period 1, all children receive a subsistence-level endowment y from their parents,

regardless of whether they choose to attend college. It is assumed that no financial support

from parents is expected in period 2.

If a child chooses to work in period 1, their consumption in period 1 is given by:

Ci,j=0,t=1 = yi + wi,j=0,t=1 = yi + a0Li1, (4.2)

where Li1 is the expected total labor input in period 1, a0 is the productivity of basic skills

in the labor market, and wi,j=0,t=1 is the total earnings of a child who does not attend

1In the NLSY97, among those who have a college degree, 72.1% students graduated from a four-year
college instead of a two-year college between 1997 and 2017.

83



college in period 1. If a child chooses to work in period 1, their consumption in period 2 is:

Ci,j=0,t=2 = wi,j=0,t=2 = a0Li2, (4.3)

where Li2 is the expected total labor input in period 2. Therefore, if a child chooses not to

attend college, their expected lifetime utility is:

Vi,j=0 = yi + a0Li1 + δa0Li2. (4.4)

If a child chooses to attend college in period 1, their consumption in period 1 is:

Ci,j=1,t=1 = yi, (4.5)

where the subsistence level remains unchanged regardless of the education choice. Students

borrow loans from financial institutions to finance college expenses, so their period 2

consumption, if they choose to attend college in period 1, is given by:

Ci,j=1,t=2 = wi,j=1,t=2 − (1 + ri)piQi, (4.6)

where wi,j=1,t=2 is the wage of an individual after they complete college education. According

to Glewwe (2002), higher college quality is associated with higher college costs. Following

this, college expenses are expressed as piQi, where pi is the base price of college in the

student’s state of residence and Qi is an index of endogenous college quality. The prevailing

interest rate at the time of decision-making is denoted by ri. Students borrow loans from

financial institutions in period 1 to cover tuition costs only and repay these loans in period

2. In this model, both the prevailing interest rate and the base price of college are assumed

to be exogenous to each individual student.

The wage for a college graduate in period 2 is specified as:

wi,j=1,t=2 = a1iLi2 = αiπf(Qi)Li2, (4.7)

where a1i is the productivity of a college graduate in the job market, αi is the individual

i’s learning efficiency, π is the productivity of skills acquired in college (assumed to be

constant and identical for all individuals), and Li2 is the expected labor input for person i

in period 2. The decomposition of the productivity of a college graduate a1i is based upon

Glewwe (2002). We assume the functional form of f(Qi) to be f(Qi) = Qβ
i (Glewwe, 2002),
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and impose 0 < β < 1 to ensure concavity of Vi,j=1, as this guarantees g f ′(Qi) > 0 and

f ′′(Qi) < 0, thereby exhibiting a diminishing return of college quality.

The assumption is that the decision-maker is fully aware of their expected lifetime labor

input Li1 and Li2 at the time of making the higher education decision, and they internalize

this information in their decision-making process. Therefore, putting everything together,

the expected lifetime utility of an individual who chooses to attend college can be written

as:

Vi,j=1 = yi + δαiπQ
β
i Li2 − δ(1 + ri)piQi. (4.8)

Based on the specified model, a child chooses to attend college if ∆Vi = Vi,j=1−Vi,j=0 > 0,

or more specifically if:

∆Vi = δαiπQ
β
i Li2 − δ(1 + ri)piQi − a0Li1 − δa0Li2 > 0. (4.9)

If a child decides to attend college, the optimal value of college quality Qi can be obtained

by the first-order condition that maximizes their expected lifetime utility from attending

college:

Q∗
i =

(
βαiπLi2

(1 + ri)pi

) 1
1−β

. (4.10)

Given that β ∈ (0, 1), the implications of Equation (4.10) are straightforward: students

choose to attend a higher-quality college if they expect greater learning efficiency (larger

values of αi), higher expected labor input after college graduation, a lower base price of

college, or a lower interest rate. Next, we replace college quality Qi in Equation (4.9) with

its optimal value, Q∗
i , which is determined by a set of student characteristics, the exogenous

interest rate, and the exogenous base price of college in the student’s state of residence.

We then use a logistic model to estimate how the endogenous and exogenous parameters

affect individual decision-making, as formulated in Equation (4.9). To do so, recall that the

true utility function for individual i is:

Uij = Vij + εij, (4.11)

where Uij is nonstochastic and reflects the individual’s true utility, εij is stochastic and

captures idiosyncratic variations in individual tastes for alternative j, and Vij is the “repre-
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sentative utility” observed by the researcher (Train, 2009).

The probability that individual i chooses to attend college (j = 1) is denoted as Pi1,

where
Pi1 = P [Vi1 + εi1 > Vi0 + εi0]

= P [εi0 − εi1 < Vi1 − Vi0]

= F [Vi1 − Vi0].

(4.12)

Assume that all εij are independent and identically distributed (i.i.d.) draws from a type I

Extreme Value Distribution, so that the difference between two randomly drawn error term

ε′s (εi1 − εi0) follows a logistic distribution (McFadden, 1973). Given that the difference

between two random error terms (εi1 − εi0) and the corresponding difference between the

utility levels (Vi1 − Vi0) both follow a logistic distribution with mean = 0 and variance = 1,

the probability of attending college Pi1 can be expressed as follows:

Pi1 = F [Vi1 − Vi0]

=
1

1 + exp (Vi0 − Vi1)
,

(4.13)

which can be written in the following complete closed-form expression in full terms:

1

1 + exp

(
a0Li1 + δa0Li2 − δαiπLi2

(
βαiπLi2

(1+ri)pi

) β
1−β

+ δ(1 + ri)pi

(
βαiπLi2

(1+ri)pi

) 1
1−β

) .
(4.14)

To summarize the model, it can be presented as the following system of equations:

(Uij) = Vij = Cij,t=1 + δCij,t=2,

Vi,j=0 = yi + a0Li1 + δa0Li2,

Vi,j=1 = yi + δa1iLi2 − δ(1 + ri)piQi,

a1i = αiπQ
β
i ,

Q∗
i =

(
βαiπLi2

(1+ri)pi

) 1
1−β

,

Pi1 =
1

1+exp(Vi0−Vi1)
.

(4.15)

The interpretation of the role of the error terms in Equation (4.12) is as follows. Having

Vi1 > Vi0 does not necessarily mean that the individual chooses to attend college, as there

are other unobserved factors that influence the decision. An individual would choose to
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attend college if the unobserved factors associated with entering the workforce are not large

enough to outweigh the observed advantage of attending college.

Equation (4.14) can be estimated using either Maximum Likelihood Estimation (MLE)

or generalized Least Squares Estimation (LSE). These methods choose parameter estimates

such that the predicted probability of attending college Pi1 matches the observed market

share for decision j = 1 in the data. In the estimation process, MLE maximizes the likelihood

function, while LSE minimizes the sum of squared residuals, but these two methods are

equivalent in the exponential family (Charnes et al., 1976).

4.3 Data

To answer the empirical and policy questions outlined in the introduction, we use data

from the National Longitudinal Survey of Youth 1997 (NLSY97). The NLSY97 includes a

nationally representative sample of 8,984 American men and women born between 1980 and

1984. Participants were between 12 and 16 years old as of December 31, 1996. Interviews

were conducted annually from 1997 to 2011, and biennially thereafter. The survey provides

extensive information on respondents’ labor market and educational experiences, as well as

their family and community backgrounds.

A respondent is considered to have a high school degree if they have either a high school

diploma or an equivalent General Educational Development (GED) certificate. There are

various types of postsecondary institutions, such as 2-year colleges that offer associate

degrees, but this paper only focuses on 4-year college degrees. A respondent is considered

to be enrolled in college only if they attend a 4-year college.

The binary choice of whether to attend college is coded as 1 in the year of college

enrollment for individuals who eventually earn a four-year college degree. It is coded as 0

in the year of high school graduation for individuals who never enroll in college. For those

who obtain a college degree, the decision is assumed to occur in the year they enroll in

college. For those who never attend college, the decision is assumed to occur in the year

of high school graduation. This distinction is necessary because the timing of high school

graduation and college enrollment may differ, as some students take gap years.

Our sample includes 1,247 respondents who earned a four-year college degree and 1,417

respondents whose highest level of education is a high school diploma or equivalent. Since

individuals typically graduate from college in four years, the average expected graduation

year in our sample is 2008. In this two-period model, period 1 is defined as the first four

87



years following high school graduation. For those pursuing higher education, this represents

the time spent in college and the opportunity cost of not working during this period. Period

2 is defined as the ten years following the expected year of college graduation (approximately

2008–2017), during which individuals are assumed to be in the workforce.

4.4 Estimation

To empirically estimate the discrete choice model specified by the system of equations

(4.15), first we need to quantify the key variables and calibrate some parameters using the

available data. The variables we need to quantify are: expected labor input in period 1

(Li1), expected labor input in period 2 (Li2), child’s learning efficiency (αi), interest rates

(ri), productivity of basic skills in the labor market (a0), and the base price of college pi.

The parameters to be obtained through the model estimation are: the discount rate (δ),

return to college quality (β), and the productivity of skills attained from higher education

(π).

4.4.1 Quantification of Variables

In the 1997 NLSY data, children’s learning efficiency, denoted as αi, is measured by their

percentile score on the Armed Forces Qualification Test (AFQT), which combines math and

verbal components, taken when they were between 12 and 16 years old. The AFQT score

is a better measure of learning efficiency than SAT or ACT scores because the latter are

region-specific: students from coastal states are more likely to take the SAT, while those

from central states more often take the ACT (The New York Times, 2013). Additionally,

the proportion of missing values is significantly higher for the SAT (68%) and ACT (73%)

compared to the AFQT (0%) in the sample. Another drawback of using SAT or ACT scores

is that they are closely tied to college quality.

A limitation of using the AFQT as a proxy for learning efficiency is that it reflects more

than just innate cognitive ability. As noted by Cameron and Heckman (1998), AFQT scores

are influenced by a range of socioeconomic factors, such as school quality, parental support,

and neighborhood conditions. Therefore, AFQT scores may partially reflect early-life

advantages, leading to an overestimation of the impact of ability among higher-income

students and an underestimation among their lower-income peers.

The NLS program grouped respondents into three-month age cohorts. The oldest cohort
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consisted of individuals born from January to March of 1980, while the youngest cohort

included those born from October to December of 1984. This resulted in a total of 20

cohorts, with an average of approximately 350 respondents per cohort. Within each cohort,

the NLS computed a cohort-specific percentile score on the AFQT, yielding a final value

between 0 and 99. The mean AFQT percentile score for the sample is 50.6%.

The expected work hours for a representative individual are typically 40 hours per

week and 48 working weeks per year, which translates to 1,920 working hours in a typical

year. However, individuals may differ in their work styles; for example, some may perceive

themselves as more hardworking and, as a result, may have higher expected working hours

than the average. Assume that decision-makers are aware of their own work style and

incorporate this information into their educational decision-making. Accounting for these

differences in work styles makes the model more realistic. The NLSY97 dataset includes

a survey item that captures a respondent’s tendency to work longer hours. The question

is phrased as follows: “I do what is required, but rarely anything more.” Respondents are

asked to choose from a scale of 1 to 7, where “1” indicates “Disagree strongly” and “7”

indicates “Agree strongly.”

To make an arbitrarily scaled ordinal variable interpretable, we use a directly related

outcome that has a well-defined cardinal scale to “anchor” the arbitrarily scaled variable,

thereby making the scale interpretable (Cunha et al., 2010). Specifically, we use the

respondent’s reported annual hours of work to anchor their tendency to spend more time

working. First, we calculate the average annual work hours for each group of respondents

who report a given value on the work tendency question (e.g., “1”), and we repeat this

process for each scale point. We then compute the percentage difference in average reported

annual work hours between those who report the median scale value of “4” and those

who report other values. This percentage difference serves as an index to quantitatively

represent how much more or less hardworking a respondent is relative to the average. We

then apply this index as a multiplier to the standard 40 working hours per week to compute

an individual’s expected work hours for (Li1) and (Li2). It is not a good idea to directly use

the reported hours of work as a person’s expected labor input, because actual work hours

may be endogenously affected by education status and income or substitution effects.

The expected productivity of basic skills in the labor market (a0) is measured by the

federal minimum wage rate in 2009, which was $7.25 per hour (U.S. Department of Labor,

2009). The prevailing interest rate is represented by the Federal Funds Effective Rate for

the corresponding decision-making year, as reported by the FRED database. The average
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value of the Federal Funds Rate across the years in the sample is 3%, which is close to the

historical average of the real funds rate and the equilibrium interest rate commonly used in

the literature (Williams, 2003; Abbott et al., 2019).

The “base” price of higher education is represented by the most affordable tuition rates,

those of in-state community colleges. Data on the average in-state tuition for community

colleges in each U.S. state are reported by the Education Data Initiative. At this stage,

we do not have information on the respondents’ states of residence, as this data is only

accessible through a special application process. The publicly available data from the

NLSY97 only indicate the region where each respondent resides — Northeast, Midwest,

South, or West. Therefore, in the current version of this paper, the base price of college is

measured using the 2020 average in-state tuition for community colleges in the respondent’s

designated region. Once state-level data become available, we will use the average in-state

tuition for each respondent’s state to provide a more precise estimate of the base tuition

costs at the time of their decision-making.

4.4.2 Model Estimation and Validation

To empirically estimate the decision-making of school attainment, we match the model to

the moments in the data, which is the probability of college enrollment in this case. We

first employ a grid search method to pinpoint the best combination of initial parameter

guesses that minimizes the sum of squared residuals (SSR). For each parameter, we propose

several reasonable initial guesses. The program then calculates the SSR for every possible

combination of these initial guesses and returns the combination that minimizes the SSR

within 20 iterations. Table 4.1 presents the estimation results based on the preferred initial

guess that minimizes the SSR.

The parameters to be estimated are: return to college quality β, discount factor δ, and

return to skills acquired from education π. We compare the estimated parameters and the

predicted enrollment rate to the values we observe in the data and the assumptions we

make in Table 4.1. As shown by the Model (1) of Table 4.1, the predicted enrollment rate

of 4-year college computed by the model using the estimated parameters is 48.3%, close to

the actual percentage of 46.8% we observe in the NLSY97 data. The estimated value of

β is consistent with the assumption that it is between 0 and 1. The estimation of δ also

follows our understanding of the discount factor, a value between 0 and 1. The estimated

value of π is consistent with the assumption that the return to skills needs to be a finite
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positive number.

There are typically three approaches to assess the validity of the model according to

Todd and Wolpin (2020). The first traditional way is to examine within sample fit. Using the

estimated parameters, we simulate the choices and outcomes of individuals to compare them

with the actual choices and outcomes observed in the data. This is the primary approach

this paper implements. We match the model predicted outcome to the college enrollment

rate in the data. A second method is to check model robustness under different specifications

and assumptions. The third approach is to estimate the model on a subsample of the data,

and then use the model and estimated parameters to predict the agent’s behavior of the

holdout sample. To assess the validity of our model, we implement all three approaches and

present the estimates in Table 4.1 as follows.

Model (1) in Table 4.1 presents the estimation of the primary model discussed earlier

in this paper (Equation (4.15)). Model (2) estimates the model parameters and predicts

the college enrollment rate under an alternative model specification. In Model (2), instead

of using the anchor method to adjust expected labor input by worker type, we assume

that all workers have the same expected labor input of 40 hours per week in both periods

1 and 2. We also assess the model’s validity using a holdout sample, and the estimation
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results are presented as Model (1’). Specifically, we estimate Model (1) using a randomly

selected subsample comprising roughly half of the primary sample, then use the estimated

parameters to predict the college enrollment rate and compare it to the holdout sample

(presented as Data (1’)).

The estimated parameters from Models (1), (2), and (1’) are consistent with the model

assumptions. The predicted moments from the three approaches are also similar to those

observed in the data. Overall, the model produces consistent and accurate estimates across

the three approaches, closely matching the moments observed in the data.

4.5 Policy Simulations and Implications

After estimating the model parameters, we use the model to simulate college enrollment

rates among children from households at different income levels and compare these simulated

rates to the actual enrollment rates by income. We then examine how variation in key

variables affects the probability of college attendance and the endogenously chosen college

quality. Specifically, we simulate the probability of college enrollment and the level of

college quality by varying one key variable at a time while holding the others constant at

their mean values. Lastly and most importantly, we simulate and evaluate the impacts of

different policy alternatives aimed to increase college enrollment and improve the quality of

colleges that students choose to attend. This analysis yields important policy implications

regarding which strategies are most effective for increasing both college attendance and the

quality of college selected by students.

4.5.1 College Enrollment

To study the disparity of education enrollment among households of different incomes, we

investigate the 4-year university enrollment rate (among high school graduates) by the

income percentile of their childhood households. In Figure 4.2, we also plot the model’s

predicted enrollment rate by income percentile to examine how much the model fits the

data. The x-axis shows the income percentile at increments of 10%. The orange curve

plots the enrollment rates predicted by the model at every 10th percentile, compared to the

actual enrollment rates at every income percentile in blue.
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The predicted enrollment rates by family income match the overall pattern of the actual

enrollment rates in the data. The model predicts a flatter increase in the enrollment rates

at the lower-income family compared to the data and catches up at the higher-income

households. The ups and downs in the predicted enrollment rate primarily come from

variations in the AFQT score across income levels, as shown in Figure 4.3. Other key

variables that influence college attendance do not vary as much as the AFQT score. The

slight variation in base tuition is due to limitations in the geographical data, which may not

accurately reflect the true patterns in the actual data. The predicted college attendance rate

increases substantially between the 50th and the 60th income percentile, mostly due to a

jump in the cohort-specific average AFQT score from 0.50 to 0.56. The unexpected drop in

the enrollment rate at the 80th percentile is because the average AFQT score at this income

percentile is lower than that in the previous income level. Admittedly, in addition to the

observables, there are certainly other unobserved variables that affect the enrollment rate,

such as family connections and discrimination, that are unobservable in the data and cause

the differences between the predicted and the true enrollment rates. The model specification
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is generalized in many aspects and does not perfectly reflect the real-world behavior, which

is another reason that the predicted enrollment rates do not perfectly match the data. We

further discuss the limitations of our model in Subsection 4.6.3.

According to the model, the key factors influencing college access are the children’s

learning efficiency (αi) measured by cohort-specific AFQT percentile, the expected total

labor input in period 2 (Li2), the expected total labor input in period 1 (Li1), the interest

rate (ri), and the base price of college (ri)) measured by the average tuition of community

colleges in the region of residence. By plotting these variables at every 10th percentile of

family income, we examine whether disparities in college attendance can be explained by

variations in these key characteristics.

As shown in Figure 4.3, the cohort-specific AFQT percentile increases as the family

income rises. This is a very important contributor to a higher college enrollment rate. The

“base” price of college, measured by average tuition cost of community college, (pi) and

expected labor input in period 2 (Li2) rise slightly as the household income, but mostly

flat. Interest rate (Ri), which is (1 + ri), and the expected total labor input in period 1

(Li1) remain constant as the family becomes wealthier. This stability in interest rates is

expected, as the timing of decision-making is exogenous to household income.
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To illustrate how the predicted enrollment rate changes given the variation of every key

variable, we simulate the probability of college enrollment based on the change of a key

variable while holding the values of other key variables constant at their mean values. The

variation of a variable ranges from the sample minimum to the sample maximum, except

for the interest rate where we arbitrarily take 20% as the maximum. Figure 4.4 shows

the simulation results. Consistent with the construction of the model, the enrollment rate

monotonically increases given a higher value of AFQT percentile and a longer expected

hours of work in period 2. The enrollment rate monotonically reduces as the expected

labor input in period 1 (L1), the base price of tuition (p), and as the interest rate (r) rises.

Another important finding is that the AFQT, base price of tuition (p), and expected labor

input (L2) have a much larger impact on college attendance compared to that of L1 and r.

Combining the findings from Figure 4.3 and 4.4, our model suggests that even in a

setting where all students rely on loans to pay for tuition, substantial disparities in college

enrollment persist across household income levels. Children from wealthier families are
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more likely to attend college, largely because they have higher AFQT scores. These findings

motivate an evaluation of three policy alternatives aimed at increasing college attendance.

The first is to invest in primary and secondary education to improve students’ pre-college

cognitive skills. The second is to reduce the cost of college, making college education more

accessible. The third is to lower the interest rate on student loans to ease the financial

burden of borrowing.

We simulate college attendance rates under three policy scenarios, holding all other

characteristics constant at the mean value for each income percentile. First, we simulate

an increase in AFQT scores to the 75th percentile for students currently below that level,

holding all else constant. Second, we lower the base price of college to the 25th percentile

of the observed tuition distribution for all students. This models the effect of uniformly

reducing tuition costs. Third, we set the student loan interest rate to zero for all individuals.

Figure 4.5 presents the simulated enrollment rates under each policy, alongside the actual

and baseline predicted enrollment rates.
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Increasing all students’ learning efficiency to the current upper quartile significantly

raises the probability of college attendance, especially among lower- and middle-income

families, even when all other factors are held constant. In contrast, lowering the student

loan interest rate has a very small effect on college enrollment. Comparing the predicted

enrollment under a zero-interest scenario (shown in dark blue) with the original predicted

enrollment (in orange), the impact appears slightly larger for higher-income students than

for their lower-income peers.

Surprisingly, lowering the base tuition cost does not help students from the lower-

income families as much as those from the more affluent families, holding all else constant.

Comparing the original predicted enrollment in orange and the predicted enrollment in

yellow for lower base tuition, the enrollment rate is promoted by a larger amount as the

income level becomes higher. After lowering the base tuition, the predicted enrollment

rate of students at the 60th percentile increases to over 90%, while children at the 30th

percentile still have an enrollment rate lower than 40%. One possible reason is that students

from wealthier families are more likely to respond to tuition cuts by enrolling in more or

higher-quality programs, while lower-income students may still face academic, informational,

or logistical hurdles that keep them from college enrollment even if tuition drops. However,

students from more resourceful family backgrounds tend to receive better education during

their childhood, and so a lower base tuition promotes their college access by a greater

margin, because a higher learning ability makes them more capable of benefiting from the

value of higher education, even if they also have to borrow student loans. Overall, our

findings suggest that enhancing children’s internal human capital and learning ability from

an early age may be more effective in promoting college access than simply making college

more affordable, especially given constraints on government resources.

It is important to note that the AFQT scores, which are used as a proxy for learning

ability in our model, are correlated with a wide range of other factors such as school quality,

parental support, and access to enrichment opportunities (Cameron and Heckman, 1998).

Therefore, the significance of AFQT scores in our results may partly reflect the influence of

these unobserved variables, rather than innate ability alone.

Two clarifications need to be made. First, the learning efficiency is measured by the

cohort-specific AFQT percentile, and in practice, we cannot increase everyone’s score

percentile. However, we can think of the AFQT percentile as an index for knowledge or

learning abilities. Instead of being a competition, every person can receive an “A” grade as

long as they have “most of the answers correct”.
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Second, the implicit assumption that increasing students’ human capital at the population

level increases college attendance is that current universities are able to accept more incoming

students, or new universities will be constructed to match the demand. As of 2017, 84.8%

of the U.S. colleges admit at least 50% of the applicants, and 57.4% admit at least 70%

of the applicants (DeSilver, 2019). From 2002 to 2017, more selective universities (above

median) have been less able to keep pace with the soaring number of applicants, but the

less selective ones (below median) have been sufficiently expanding to keep up with the

climbing figure (DeSilver, 2019). The policy alternative we evaluated focused on investing

in pre-college education for disadvantaged students, while holding the skill levels of more

advantaged students constant. Therefore, it is reasonable to assume that the supply of

higher education, particularly at less selective institutions, will adjust to meet the increased

demand. Additionally, we acknowledge that providing high-quality pre-college education to

all children and boosting their human capital to the 75th percentile of current levels is a

long-term process.

4.5.2 Endogenous College Quality

In this section, we explore the impact of the key variables on the quality of the college

that students choose and offer policy recommendations to effectively close the gap and

reduce inequality in the selection of college quality. Assume that the agent knows their

learning efficiency (α), return to college quality (β), return to skills acquired from higher

education (π), their expected life-time hours of work after college graduation (L2), interest

rate of student loans, and the base tuition cost. Equation (4.10) suggests that, if students

decide to attend college, there exists an optimal value of college quality (Q) that they

will endogenously select based on their personal characteristics and the exogenous factors,

including the interest rate and tuition cost.
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First, we simulate how changes in a key variable affect the chosen college quality, while

holding the other variables constant at their sample mean. The simulation results are

presented in Figure 4.6. Consistent with the implications of Equation (4.10), students

endogenously choose higher-quality colleges when they have higher learning efficiency (α)

and a greater expected labor input after graduation (L2). Additionally, students opt for

lower-quality colleges when the interest rate or base tuition cost is higher. In terms of the

magnitude, learning efficiency (α), as measured by the AFQT, and the base price of tuition

(p), measured by average community college tuition in the residential region, have a sizable

impact on college quality. The expected hours of work in period 2 (L2) also has a large

effect, whereas college quality remains relatively unchanged as the interest rate on student

loans increases from 0% to 20%. Next, we calculate and plot the mean endogenous college

quality for each family income percentile, based on the mean observed characteristics, as

shown in Figure 4.7.
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The overall pattern, shown by the blue curve in Figure 4.7, indicates that the college

quality students choose increases with family income. This rise is gradual in the lower income

percentiles due to only modest gains in AFQT scores. A sharper increase in endogenous

college quality begins around the 60th percentile, primarily because, as shown in Figure

4.3, the cohort-specific average AFQT score rises from 0.50 to 0.56. Interestingly, at the

80th percentile, the mean AFQT score is lower than that at the 70th percentile, resulting

in a decrease in estimated college quality. Clearly, the AFQT score is the primary driver

of disparities in endogenously selected college quality, as other key variables show little

variation across income percentiles.

Similar to the policy simulation in Section 4.5.1, we first simulate an increase in AFQT

scores to the 75th percentile for students currently below that level, while holding all other

characteristics constant at the mean value for each income percentile. We repeat this process

to calculate and plot the college quality at each income percentile under two additional
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scenarios: reducing the base tuition cost to the lower quartile and setting the interest rate

to zero for all individuals, again holding all else constant. As shown in Figure 4.7, improving

adolescents’ learning skills and knowledge levels proves to be a more effective strategy

for narrowing the gap in endogenously chosen college quality, compared to lowering base

tuition or interest rates. When the learning efficiency of disadvantaged students is raised to

the upper quartile of the current distribution, the disparity in college quality between the

50th and 90th income percentiles is substantially reduced, closing a gap that previously

reflected a fourfold difference between students from the wealthiest and middle-income

families. Original values for college quality are 16 for the 50th income percentile and 69 for

the 90th income percentile, as shown in the gray line. After disadvantaged students’ AFQT

scores is increased to the 75th percentile, the values for college quality are 49 for the 50th

income percentile and 52 for the 90th income percentile, as shown in the orange line.

Lowering the base tuition to the current lower quartile substantially facilitates the overall

endogenous college quality, but two issues come with it. First, the gap between higher- and

lower-income percentiles widens compared to the original college quality curve. This mirrors

the earlier finding that reducing tuition is less effective than improving learning efficiency.

When students from lower-income families have lower learning abilities, cheaper tuition alone

does little to improve their outcomes. In contrast, students from wealthier backgrounds, who

generally receive better pre-college education, can better leverage reduced tuition, as their

stronger learning skills allow them to realize greater returns from higher education, even

when financed by loans. Second, although college quality rises notably for students in higher

income brackets, a more practical concern is whether such high-quality institutions are

available to accommodate this shift. Therefore, within the model’s framework, enhancing

human capital through increased investment in pre-college education is more effective than

reducing tuition in narrowing disparities in endogenously chosen college quality.

It is important to note that the AFQT score, which we use as a proxy for learning ability

in our model, is closely correlated with a variety of other factors, including school quality,

parental involvement, and access to enrichment opportunities (Cameron and Heckman,

1998). As a result, the strong predictive power of AFQT scores in our findings may not solely

capture innate learning ability, but also the cumulative effect of broader environmental and

socioeconomic advantages.
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4.5.3 Policy Implications

Suppose a local government has funding available to promote college attendance through

several approaches: investing in pre-college education, lowering or subsidizing the interest

rates on student loans, or providing funds to universities to reduce in-state tuition costs.

The government must decide which approach is most cost-effective in increasing four-year

college attendance. In this section, we focus on evaluating the effectiveness of these policy

alternatives.

To compare and evaluate the effectiveness of various policy plans, we simulate the college

attendance rate at each family income percentile by adjusting key variables. Specifically,

we increase variables that facilitate college attendance to the upper quartile and decrease

variables that hinder attendance to the lower quartile for every individual, while holding all

other characteristics constant at the mean value for that income percentile.

The simulation results presented in Figure 4.5 show that improving the learning efficiency

of all students to the upper quartile, while holding all other characteristics constant,

significantly increases college attendance rates among children in the lower income percentiles.

Enhancing students’ learning ability or knowledge at an early age proves to be a more

effective strategy for promoting college access than other policies evaluated, such as reducing

base tuition costs or lowering interest rates. Contrary to common assumptions, lowering

base tuition does not benefit students from lower-income families as much as it benefits

those from more affluent backgrounds, when all other characteristics are held constant. This

is primarily because a reduction in base tuition is marginally more beneficial to students

who are more capable of taking full advantage of the value a university education offers,

typically those with stronger learning abilities and better pre-college preparation.

The findings support a consistent core insight and policy implication for addressing the

gap in endogenously determined college quality. Simulation results suggest that enhancing

students’ pre-college learning abilities is a more effective strategy than other interventions

for reducing inequality in university quality. While reducing the base price of tuition

significantly raises the overall quality of colleges selected, it also widens the gap between

students from lower- and higher-income families. Moreover, despite a seemingly substantial

increase in overall endogenous college quality, it remains difficult to determine which colleges

genuinely meet that standard.

There are multiple approaches to reducing disparities in higher education, and ideally,

one might wish to implement all policies that promote college access for disadvantaged

families. Nonetheless, in reality, both society and governments face strict budget constraints,
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and funding is a scarce resource. Therefore, it is essential to identify cost-effective strategies

for expanding access to higher education and narrowing the gap in endogenously selected

college quality. We acknowledge that our policy simulations only emphasize the effectiveness

of policy alternatives, and we have not identified the policies that have the biggest effect

per dollar spent. This is a limitation in the policy simulations and implications that we

make in Section 4.5. Moreover, we do not account for market failures in the model, which

presents an additional limitation for interpreting the results and drawing policy implications

in this paper. As market failures are not considered in this paper, the results and policy

implications may be the upper bound of the actual effect in reality.

4.6 Discussion

4.6.1 Robustness Check on Other Model Specification

One concern with our model is the assumption that students do not rely on parental transfers

to pay for college tuition. However, the data show that some students do receive financial

support from their parents. To address this, we conduct a robustness check in which we

relax this assumption and allow a portion of students’ tuition to be funded through parental

transfers.

In the new model, the lifetime expected utility of an agent who chooses to attend college

can be written as:

Vi,j=1 = yi + δαiπQ
β
i Li2 − δ(1 + ri)piQi(1− Ei). (4.16)

where Ei is the proportion of individual i’s tuition paid by their family. The proportion

of individual i’s tuition paid by their family is an exogenous variable that we find in the

NLSY97 data. It is worth noting that Ei can be endogenous to school quality and other

student characteristics. We will consider working on this in the future.

Then, the optimal value of college quality, Q∗
i , derived from the first order condition

that maximizes i’s expected lifetime utility from attending college (Vi,j=1) is:

Q∗
i =

(
βαiπLi2

(1 + ri)pi(1− Ei)

) 1
1−β

. (4.17)

Following what we do in Section 4.2, the probability of attending college, Pi1, can be

103



expressed as:

1

1 + exp

(
a0Li1 + δa0Li2 − δαiπLi2

(
βαiπLi2

(1+ri)pi(1−Ei)

) β
1−β

+ δ(1 + ri)pi(1− Ei)
(

βαiπLi2

(1+ri)pi(1−Ei)

) 1
1−β

)
(4.18)

Model (3) of Table 4.2 presents the estimated parameters of the new model, which allows

for the possibility that some students have their tuition partially or fully covered by their

families (Equation (4.18)). Model (4) of Table 4.2 also estimates the parameters of Equation

(4.18). However, instead of adjusting for worker type, Model (4) uses a fixed measure of

expected labor input, 40 hours per week, in periods 1 and 2. For comparison, Model (1)

reports the estimates of the original model (Equation (4.14)) as discussed in Section 4.2.

Model (2) also estimates the original model, but uses a fixed 40-hour workweek to measure

expected labor input. The estimated parameters and predicted college enrollment rates

remain consistent across all model specifications, suggesting that allowing a portion of

tuition to be paid by families does not significantly alter the model’s predictions.

Using the new model that incorporates parental transfers, we examine how variation

in key factors influences the likelihood of college attendance. We then simulate college
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enrollment rates for children from households across different income levels and compare

these simulated rates to actual enrollment data by household income.

Figure 4.8 presents simulation results illustrating how the college enrollment rate responds

to changes in a single key variable, while all other variables are held constant at their mean

values. Each variable is varied from its sample minimum to maximum, except for the

interest rate, which is capped at an arbitrarily chosen maximum of 20%. Consistent with

the model setup, the enrollment rate increases as AFQT and expected labor input in period

2 (L2) increases. Conversely, it decreases with higher expected labor input in period 1 (L1),

higher base tuition (p), and higher interest rate (r). Notably, AFQT scores, the base price

of tuition, and expected labor in period 2 (L2) exert a significantly stronger influence on

college attendance decisions compared to L1 and r. This pattern aligns with the simulation

results from the original model (Figure 4.4).

We also simulate the effects of three policy alternatives aimed at increasing college

attendance under the new model specification. The first policy is investing in primary or

secondary education to improve children’s cognitive skills before college. The second focuses

on reducing the cost of college to encourage more students to take out loans and enroll.
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The third explores the impact of lowering the interest rate on student loans. The simulation

results are presented in Figure 4.9.

The orange line in Figure 4.9 represents the predicted college enrollment rate by income

percentile, while the light blue line shows the actual enrollment rate. As shown in the figure,

the predicted values follow a similar pattern to the true enrollment rates, with the only

noticeable difference being that the predicted rates are slightly higher.

In Figure 4.9, the yellow line represents the predicted college attendance rate when the

base tuition price for all students is uniformly reduced to the 25th percentile value observed

in the data, while holding all other characteristics fixed at the mean income percentile. This

simulates the potential impact on enrollment rates of making college tuition more affordable

across the board. The grey line shows the simulated enrollment rate when students with

AFQT scores below the 75th percentile are boosted to that level, with all other factors held
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constant. Additionally, the dark blue line illustrates the effect of setting the interest rate to

zero for all individuals, again holding all other variables constant.

The simulation results presented in Figure 4.9 closely mirror those from the original

model shown in Figure 4.5. Increasing all students’ AFQT scores to the level of the current

upper quartile, while holding other characteristics constant, significantly increases college

attendance rates among lower- and middle-income families. In contrast, reducing the interest

rate on student loans has only a minimal effect on college attendance. Similarly, lowering

base tuition costs benefits students from higher-income families more than those from

lower-income backgrounds, assuming all else remains equal.

In sum, our model remains robust across different specifications. Allowing a portion

of students’ tuition to be funded through parental transfers has minimal impact on the

model’s predictions and policy simulation results.

4.6.2 Robustness Check on Policy Experiment

Admittedly, it is unrealistic to raise every student’s AFQT score to the 75th percentile for

students below that level, as we perform various policy experiments in Figure 4.5. Therefore,

in this subsection, we simulate college attendance rates under a policy scenario, where we are

only able to raise every student’s AFQT score to the 25th percentile for students currently

below this level, holding all other characteristics constant at the mean value for each income

percentile. We present the simulated college enrollment rate in Figure 4.10, alongside the

three previous policy scenarios and the actual and baseline predicted enrollment rates.
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Increasing all students’ learning efficiency (AFQT score) to the 25th percentile raises

the probability of college attendance for students from families in the 10th and 20th income

percentile by a small magnitude, while the probability of college attendance for students

from the 30th income percentile and above remains unchanged. This result is expected, as

we only raise students’ learning efficiency to the 25th percentile for those who are below

this level, while leaving the learning efficiency of all other students unchanged. However,

this simulation result provides us with a more realistic perspective of the policy experiment

of raising students’ learning efficiency. A more realistic case is that we are only able to raise

the learning efficiency for students that are well-below the average, while raising the learning

efficiency for all students to the previously above-average level is not as realistic. The result

in this subsection suggests that the implications from the previous policy experiment reflect

the upper bound of the actual effect. In reality, the actual effect of providing higher-quality

early education more equally can be much smaller than the simulated results in Section 4.5.
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4.6.3 Further Discussion on Limitations

The first limitation of the model is that it is a two-period framework in which the net present

value of lifetime income is not specified as rigorously as in many other studies that employ

more detailed multi-period models. Due to data limitations, specifically the structure of the

NLSY97 dataset, we are only able to track approximately ten years of a respondent’s career

following college or university graduation. As a result, our model defines lifetime income

as the earnings accumulated from the age of high school graduation through the first ten

years following college or university graduation, applying a single discount factor to this

entire period. In reality, students with an undergraduate degree stay in the workforce for

more than ten years after graduation, allowing them to benefit from their college education

for a longer period than model specified. The weight (ten years) that we place on the

second period in our model is thus an underestimation of the reality. This can lead to an

underestimated college enrollment rate, as the expected return to college education is likely

higher in reality. Moreover, the inability to account for longer-term earnings may also cause

us to underestimate the effectiveness of policies aimed at reducing the cost of college in our

simulations. Because the model undervalues the long-term financial benefits of a college

degree, it may not fully capture how strongly students would respond to cost-reducing

policies in the real world, where actual lifetime returns are substantially higher.

The second limitation is that our model serves to describe an economy where higher

education is not funded by parents and hence not used as a method of income transfer from

period 1 to period 2. However, in the U.S., access to student loans, especially federal loans,

depends heavily on parental financial resources, as reported through the FAFSA process. In

practice, loan eligibility and amounts are negatively correlated with parental income and

assets. Students from wealthier families generally qualify for smaller need-based loans or

none at all. In reality, students from wealthier families may rely more on direct parental

support rather than loans, while students from lower-income families may face stricter

borrowing constraints despite being more loan-eligible, due to concerns about debt burden

or limits on maximum loan amounts. Our model currently assumes that all students have

equal access to borrowing, independent of parental background. This simplification may

bias our results, particularly by underestimating the financial barriers faced by lower-income

students and overestimating the financial flexibility of higher-income students. Given that

access to student loans is limited in reality, our policy simulation may overestimate the

effectiveness of policies aimed at increasing college enrollment by reducing tuition costs or

lowering interest rates associated with student loans. In our simulations, these two policy
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alternatives are not very effective. Thus, the “true” estimate is likely to be smaller.

The third limitation of our model is that we treat the productivity of high school

graduates in the labor market (a0) and the productivity of college graduates in the labor

market (a1) as constant across individuals. This assumption overlooks the reality that the

return to education evolves with experience, and the rate of growth may differ between high

school graduates and college graduates. Acemoglu and Autor (2011) show that individuals

with a higher level of education tend to experience faster wage growth over time due to

greater opportunities for career advancement, specialization, and skill accumulation. Our

model does not capture the dynamic nature of wage progression, which could lead to

inaccurate predictions regarding the expected return to education over time, potentially

underestimating the benefits of obtaining a college degree. As a result, policy simulations

based on this model may also underestimate the potential impact of interventions that

reduce college costs, since the long-term financial advantages of higher education are not

fully captured.

The fourth limitation of our model is that it considers only 4-year colleges and universities

as the primary pathway for higher education, excluding options such as community colleges.

In reality, community colleges are an important and more affordable alternative for many

students, particularly those from lower-income families. By not modeling community

college attendance, our analysis may overestimate the barriers to higher education and

underestimate overall enrollment rates. This omission could also influence our policy

simulations, potentially overestimating the impact of investment in pre-college education

(measured by increased AFQT scores), because community colleges typically have lower

entrance requirements, and students may be able to enroll without achieving the high AFQT

scores necessary for four-year colleges.

Another limitation of our model is the use of AFQT scores as a measure of students’

learning efficiency. While AFQT scores provide a convenient proxy for cognitive ability,

they are also correlated with a wide range of other factors, such as school quality, parental

support, neighborhood environment, and access to enrichment opportunities (Cameron

and Heckman, 1998). As a result, the AFQT score may not isolate pure learning ability

but instead reflect a broader set of socioeconomic advantages or disadvantages, which

could affect our model’s interpretation of the relationship between learning ability and

educational outcomes. Specifically, the strong predictive power of AFQT scores in the model

may partly capture the influence of these correlated factors, rather than innate learning

efficiency alone. Since the AFQT score reflects not only students’ learning efficiency but also
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parental investments in early education, it tends to underestimate the learning efficiency

of lower-income students relative to their higher-income counterparts. With this caveat in

mind, policies that increase investment in pre-college education may be even more effective

at improving learning outcomes and college attainment for lower-income students than our

model’s simulation results suggest.

Furthermore, our model has a key limitation in that it omits a number of factors that

can significantly influence higher education decisions. While our findings suggest that the

primary determinant of differences in college access and quality is the amount of human

capital accumulated in earlier educational stages, it is important to recognize that this

represents only one aspect of a complex decision-making process. For instance, Chetty

et al. (2011) demonstrate that, even when controlling for test scores, students from lower-

income families are still less likely to attend selective colleges. Additional factors, such as

social networks, family background, access to information about college opportunities, and

psychological barriers, may also play a crucial role in shaping educational outcomes, but

they are not captured in our model. Therefore, our analysis may underestimate the broader

socioeconomic challenges that affect students’ higher education choices and could lead to an

incomplete understanding of the drivers of college access and success.

4.6.4 The Return to Education

Another way to verify the usefulness of the model in this paper is to relate the estimated

difference in life-time utility from Equation (4.9) to the return to college in the literature,

as the estimated difference in life-time utility, ∆Vi, is expressed in dollar value. First, I

calculate the premium of attending college in dollar value using Equation (4.9) for those who

attend college, by entering the average values of the variables and the estimated parameters

into the equation. The value of the total premium of attending college is $123,477.46. I

divide this value by 14 years (period 1 plus period 2) and then divide the result by 4 years

of college to obtain the annual premium (in dollar value) of one additional year of college

education, which yields $2,204.95. In the sample, the average adult income per year is

$25,987.51.2 This provides that the premium of one additional year of college education,

using this model, is 8.5% ($2,204.95/$25,987.51).
The economics literature consistently has estimated that, on average, one additional

year of college increases earnings by about 5% to 10% (Card, 1999; Heckman et al., 2006).

2I use the income data for persons who are 23–28 years old to compute the average annual adult income,
following the notion of Cunha and Heckman (2008).
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The fact that the estimated return to education using the model in this paper (8.5%) is

consistent with the finding in the literature suggests that our model, to some extent, reflects

the actual decision-making process of students’ college attendance.

4.7 Conclusion

How to effectively increase college and university access, especially for low-income students,

has been a long-standing and ongoing debate (Fack and Grenet, 2015; Page and Scott-

Clayton, 2016). To contribute to this discussion, particularly at a time when children have

become increasingly independent of parental financial assistance for college and university

and when student loans play an increasingly central role in decision-making, we construct

a two-period discrete choice model to investigate decisions regarding higher education

acquisition. The model features children’s independent decision-making aimed at optimizing

their lifetime utility and endogenously determines college and university quality.

Using data from the NLSY97 survey, we estimate the model by matching it to moments

in the data and run policy simulations based on different hypothesized policy plans. The

values of key parameters are estimated using various approaches proposed by Todd and

Wolpin (2020), and we compare these estimates to both the model assumptions and the

moments observed in the data. The estimates are consistent with the assumptions made

during model construction and closely align with the patterns observed in the data.

We find that even when all students lack parental financial assistance, significant

disparities still exist in educational attainment and the endogenously chosen quality of

colleges/universities between families with lower and higher incomes. The key factor driving

differences in college access and quality is the amount of human capital accumulated from

earlier educational stages. The base price of college tuition and the interest rate on student

loans have negative but relatively small effects on college enrollment and the endogenous

quality of colleges/universities.

After evaluating the effectiveness of multiple policy simulations, we found that fostering

students’ pre-college human capital is a more effective way to close the gap in college

attendance and the endogenously selected quality of college/university between higher- and

lower-income groups. Lowering the base price of college tuition or the interest rate does

not help less wealthy students as much as it does wealthier students, which will widen the

inequality in college attendance and the endogenous quality of college.

To conclude, even if all students were to borrow to fund their college or university
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education, the differences in attendance and the endogenously selected quality of college or

university are already deeply rooted in disparities in the quality of education they received

during childhood. To close the gap in both access to college and the endogenously selected

quality of college, the key approach is to provide primary and secondary education of higher

quality more equally to all children.
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Appendix C

The Decision-Making of College

Enrollment in an Increasingly

Independent World

The transition from Equations (4.12) to (4.14) was made without a detailed proof that the

difference (εi1 − εi0) between two independently and identically Extreme Value distributed

error terms follows a logistic distribution. In this section, we provide the proof for the

transition from Equations (4.12) to (4.14), which relies heavily on McFadden (1973) and

Train (2009).

First, the logit model is obtained by assuming that each εij is independently and

identically distributed according to an extreme value distribution, also known as the Gumbel

and type I extreme value distribution. The subscript i denotes any individual i, and j

denotes the discrete choice of college attendance. The probability density for each unobserved

component of an individual’s utility is:

f(εij) = e−εije−e−εij
,

of which the cumulative distribution is

F (εij) = e−e−εij
.
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The probability that decision maker i will attend college (j = 1) is

Pi1 = P [Vi1 + εi1 > Vij + εij,∀j ̸= 1]

= P [εij < Vi1 − Vij + εi1,∀j ̸= 1].

This expression represents the cumulative distribution for each εij evaluated at Vi1−Vij+εi1.

Therefore, F (εij) can be expressed as:

F (εij) = e−e−(Vi1−Vij+εi1)

.

Since the ε’s are independent, this cumulative distribution over all alternatives (where j ̸= 1)

is the product of the individual cumulative distributions:

Pi1|εi1 =
∏
j ̸=1

e−e−(Vi1−Vij+εi1)

Since εi1 is not given, the choice probability is the integral of Pi1|εi1 over all values of εi1

weighted by its density:

Pi1 =

∫ ∞

εi1=−∞

(∏
j ̸=1

e−e−(Vi1−Vij+εi1)

)
e−εi1e−e−εi1 dεi1

Then, by collecting terms in the exponent of e and noting that Vi1 − Vi1 = 0, we have

Pi1 =

∫ ∞

εi1=−∞

(∏
j

e−e−(Vi1−Vij+εi1)

)
e−εi1 dεi1

=

∫ ∞

εi1=−∞
exp

(
−
∑
j

e−(Vi1−Vij+εi1)

)
e−εi1 dεi1

=

∫ ∞

εi1=−∞
exp

(
−e−εi1

∑
j

e−(Vi1−Vij)

)
e−εi1 dεi1.

Define t = exp(−εi1) such that −exp(−εi1)ds = dt. Note that as εi1 approaches infinity,

t approaches zero, and as εi1 approaches negative infinity, t approaches positive infinity.

Using t as the new term, we have
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Pi1 =

∫ 0

∞
exp

(
−t
∑
j

e−(Vi1−Vij)

)
(−dt)

=

∫ ∞

0

exp

(
−t
∑
j

e−(Vi1−Vij)

)
dt

=
exp

(
−t
∑

j e
−(Vi1−Vij)

)
−
∑

j e
−(Vi1−Vij)

∣∣∣∣∣∣
∞

0

=
1∑

j e
−(Vi1−Vij)

=
eVi1∑
j e

Vij
.

We proved the general case where multiple alternatives exist beyond attending college,

while the setup in this paper considers only two options: attending college or not attending,

i.e., j ∈ {0, 1}. In our case, the probability that decision maker i choose to attend college

(j = 1) is

Pi1 = P [Vi1 + εi1 > Vi0 + εi0]

= P [εi0 < Vi1 − Vi0 + εi1]

=
eVi1

eVi1 + eVi0

=
eVi1

1 + e(Vi0−Vi1)
,

which is equivalent to

1

1 + exp

(
a0Li1 + δa0Li2 − δαiπLi2

(
βαiπLi2

(1+ri)pi

) β
1−β

+ δ(1 + ri)pi

(
βαiπL2

(1+ri)pi

) 1
1−β

) ,

as required.
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