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ABSTRACT

This dissertation is composed by four chapters studying the accumulation of human capital
at different stages of the life cycle. Each chapter concludes with policy recommendations
aiming to improve the distribution of educational opportunities, from preschool to adult life.

Parent engagement with their children plays a key role in their eventual economic suc-
cess. Chapter 1 reports results from a randomized field experiment designed to increase the
time that parents in subsidized preschool programs spend reading to their children using a
reading application. The treatment, which included three behavioral tools (text reminders,
goal-setting, and social rewards) increased usage of the reading application by one stan-
dard deviation after a six-week intervention. The findings suggest substantial promise for
the application of behavioral tools to parenting interventions that promote investments in
children’s human capital.

Chapter 2 examines whether the initial benefits of delayed school enrollment persist
in the long run. Regression-discontinuity estimates, based on birth dates cutoffs, show
that there are initial positive effects of a one-year delay on grades, test scores, attendance
and persistence, but they decrease monotonically as students grow older. Those effects
vanish by the end of high school and have no effect on the likelihood enrolling in any higher
education institution. These findings indicate that delaying school enrollment in childhood
does not have significant lasting effects and thus provide evidence against the counterintuitive
recommendation from previous literature that children should start school later.

Chapter 3 examines whether test-score-based university admissions discard high-ability,
low-income applicants. I use data from a policy that offered slots to top high-school students
from disadvantaged backgrounds with scores below admission cutoffs. I find that beneficiaries
(i) enrolled in university-major combinations with higher expected wages compared to their
next-best alternatives; (ii) would not have fared significantly better in less selective majors;
and (iii) are equipped with skills not measured by test scores that enable them to outperform

their peers in their same majors. The findings suggest that admissions may be improved on

x1



efficiency and equity simultaneously.

Chapter 4 links data on educational attainment for three generations in Chile. The main
findings indicate that grandparental education influences grandchildrens schooling even after
taking the parental factor into account. Accordingly, standard two-generation estimations
over-predict intergenerational mobility over three generations. We find that (i) upward
schooling mobility has moderately increased with younger cohorts, (ii) parents place of origin
matters for upward mobility, as shown by heterogeneity in mobility across geographical
regions, and (iii) having more educated same-sex ancestors matters more for women and
suggests that gender-related social roles may be passed along generations within families.
All in all, the results suggest that family background effects can be longer lasting than

previously believed, affecting the endowments and idiosyncratic capabilities of children.
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CHAPTER 1
USING BEHAVIORAL INSIGHTS TO INCREASE PARENTAL
ENGAGEMENT

(With S. Mayer, A. Kalil and P. Oreopoulos)

1.1 Introduction

A large research literature documents the substantial differences in parental engagement
between advantaged and disadvantaged families and the importance of parental engagement
to children’s future economic outcomes. Yet, existing programs intended to increase parental
engagement have at best met with little success and sometimes at a high per child cost.

To address these issues we developed an experimental intervention designed to increase
the amount of time that low-income parents spend reading to their children using an app
on an electronic tablet. The intervention is based on principles from behavioral science that
have been shown to be successful in changing behaviors such as financial savings (Meier and
Sprenger 2010), smoking cessation (Rodgers et al 2005), children’s literacy scores (York and
Loeb 2014), college attendance (Castleman and Page 2014), and weight loss (Chabris et al.
2008). Our objective measure of how much time parents spend reading to their children
combined with survey data from the parents allows us to assess the potential importance
of several possible explanations for fact that disadvantaged parents seldom read to their
children.

Over the past few decades, a growing research literature has demonstrated that decision-
making is influenced by a variety of cognitive biases. A cognitive bias is a type of thinking
that occurs when people focus too much on the present or adhere too much to routine such
that opportunities for greater expected lifetime welfare are missed (Gilovich, Griffin, and
Kahneman 2002; Lavecchia, Liu, and Oreopoulos 2014). For example, a substantial research

literature has established that, in a variety of settings, individual responses deviate from
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those predicted by a time-consistent intertemporal utility model that assumes a constant
discount rate (Stanovich, West, and Toplak 2012): future gains are discounted more than
future losses; small changes to outcomes are discounted more than large changes (Frederick,
Lowenstein, and O’Donoghue 2002); small probability events, when emphasized, are dis-
counted less than when not emphasized; and responses depend on context, emotional state
(Rick and Loewenstein 2008) and perceived social identity (Benjamin, Choi, and Strickland
2010; Galvan 2012). These cognitive biases result in suboptimal decision-making. In the case
of parenting, decisions made today have associated payoffs in the distant future, expressed
in terms of the child’s future economic and social success. In this behaviorally-informed
intervention we were especially focused on the cognitive biases in decision-making resulting
from discounting the future.

Our main results indicate that the treatment increased the number of minutes that par-
ents read to their children using an electronic application by one standard deviation, which
equals twice as much reading time compared to the control group mean. The increase was
much greater for parents with a high discount rate for the future as measured on a time
preference task that we administered. Our findings are suggestive of substantial promise for
the application of behavioral tools to parenting interventions that promote investments in
children’s human capital.

The remainder of this paper proceeds as follows. Section 1.2 provides background on dif-
ferences between advantaged and disadvantaged parents in both children’s skills and parental
engagement. Section 1.3 provides details about the intervention. Sections 1.4 and 1.5 de-

scribe the results and present robustness checks, respectively. Section 1.6 concludes.



1.2 Background

1.2.1 Socio-economic Gaps in Children’s Skills and in Parenting

Substantial differences between the skill development of economically advantaged and disad-
vantaged children emerge well before the start of formal schooling. For example, pre-school
age children from families in the poorest income quintile score on average at the 34th per-
centile in a test of literacy compared to children in the richest quintile who score at the 69th
percentile (Waldfogel and Washbrook 2011). These gaps remain fairly constant through the
school years (Heckman 2008, Cunha et al 2006) suggesting that most of the effect of fam-
ily background occurs before age six. In addition, conventional measures of school quality
(teacher/pupil ratios and teacher salaries) have small effects on creating or eliminating gaps
after the first few years of schooling (Carneiro and Heckman 2003; Cunha and Heckman
2007).

Children spend the vast majority of their time from birth to adulthood in a family or
other environment selected by parents and not in schools. For example children in the
United States will spend only about 15-18 percent of their waking hours in school between
birth and age 18.1 Finally the intergenerational persistence of schooling reflects parent-child
similarities in traits influencing educational attainment, such as orientation towards the
future, sense of personal efficacy, work ethic, and other characteristics sometimes referred to
as “non-cognitive skills” (see e.g. Cunha and Heckman 2007; Carneiro and Heckman 2003;
Heckman and Kautz 2012). These skills are largely shaped by family influences and not by
schools.

Children’s experiences prior to the start of primary school clearly play a large role in their

1. In the United States the average length of the school day was 6.4 hours in the 2009-2010 school year
and the average length of the school year was 180 days according the National Center Educational Statistics,
Schools and Staffing Survey for that year. If we assume that this number is constant over all the years that
a child attends school and that he number of years including kindergarten is 13, then (6.4*180)13 =14,976 is
the total number of hours spend in school over the first 18 years of a child’s life. If we assume that children
average 16 hours awake each day the number of waking hours in the first 18 years is 18(16*364) = 104,832.
Thus 14,976/104,832 = 13.2 percent of a child’s waking hours in the first 18 years is spent in school.
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futures. This insight has led to an emphasis on pre-kindergarten programs for disadvantaged
children. Benefit-cost assessments of the Perry Preschool and the Abecedarian program and
recent research in brain science showing the importance of early brain development support
the notion that early child development is crucial to children’s eventual success (Knudsen,
Heckman, Cameron and Shonkoff 2006). However, although small-scale model preschool
programs have resulted in important gains in children’s educational attainment, earnings,
and lower rates of getting in trouble with the law, Head Start, which is the primary preschool
program for disadvantaged children in the United States, has produced at best small benefits
for children. This is partly because even children enrolled in full-day preschool programs will
spend only about 22% of waking hours from the age of 3 to 5 in preschool, and virtually
no time at all between the ages of 0 and 3. Adding a program like Early Head Start will
still leave parents with much more influence on children’s development than school settings.
Consequently attempts to substitute school-based programs for parents’ engagement with
their children cannot alone succeed in diminishing the effects of family background unless
they are very intensive, extensive and expensive.

Across disciplines, dozens of studies have demonstrated many differences in the way ad-
vantaged and disadvantaged parents engage their children and how these differences matter
to children’s adult success. Among other things, advantaged parents spend more time, in
particular on educational activities, with their children (Guryan, Hurst, and Kearney 2008;
Kalil, Ryan, and Corey 2012) and produce more cognitively stimulating home learning envi-
ronments (Harris, Terrel, and Allen 1999). In addition, the gap in the amount of time that
parents spend with their children overall and in educationally relevant activities has widened
over the last 20 years because the rate at which highly educated mothers have increased the
amount of time they spend in educational activities with their children has exceeded the
rate at which mothers with less education increased such time with their children (Altintas
2012; Ramey and Ramey 2010; Hurst 2010).

In observational data these types of parenting practices explain large shares of the gaps



between poor children and their more advantaged counterparts in cognitive and non-cognitive
skills (Waldfogel and Washbrook 2011). In several papers James Heckman and his colleagues
conclude that more engaged parents have greater success in producing both cognitive and
non-cognitive skills in their children, and that both types of skills are crucial to social and
economic success (see e.g. Cunha, Heckman, Lochner, and Masterov 2006; Heckman and
Masterov 2004).

Other research suggests that spending time with a child has a direct and causal effect on
children’s cognitive test scores (Villena-Rodan and Rios-Aguilar 2012) and that the amount
of time that parents spend in educational activities with their children is the most productive
input for cognitive skill development (Fiorini and Keane 2014).

The intervention reported in this paper focuses on one particular type of parental engage-
ment, namely reading to one’s children. It is widely believed that reading to young children
helps develop their literacy skills including word knowledge and recognition. Observational
research supports this belief and suggests that parental reading to young children is also
associated with greater numeracy and social skills (see e.g., Kloosterman, Notten, Tolsma
and Kraaykamp 2011, Mol and Bus 2011, Hale et al. 2011, and Raikes et al. 2006. See also
Kolb and Ours 2014 for a review of the observational literature on the relationship between
parental reading and children’s cognitive skills.). The few attempts to estimate a causal rela-
tionship between parental reading and children’s cognitive skills also conclude that parental
reading time increases cognitive test scores. For example, Price (2010) uses NLSY data to
estimate a model that uses birth order to instrument parental time reading to children. Ac-
cording to Price (2010, 2012), second-born children get only slightly less total time with their
parents compared to first-born children, but that time spent reading to or with the child is
crowded out by other activities such as watching television. He also argues that birth order
does not affect cognitive skill directly but only through differences in parental engagement.
Using the birth order instrument and looking at families with two children, Price concludes

that an additional year of daily motherchild reading would increase children’s reading test



scores in the early school grades by on average 41 percent of a standard deviation on the
PPVT. Kolb and Ours (2014) using a similar instrument find that additional parental time
reading to four and five year old children has a substantial and statistically significant effect
on both literacy and numeracy skills and that the effects remain at least until children are
ten to eleven years old. They experiment with a variety of instruments and with estimates
using propensity score matching. Their results are robust to these different approaches and
to numerous sensitivity tests. They find that on a standardized test of cognitive skills boys
who are read to 3-5 days a week score just over a half a standard deviation higher than boys
who were read to fewer than three days per week. Boys who were read to 6-7 days per week
score just under one full standard deviation higher than boys who were read to less than
three times per week. The results for girls are qualitatively similar.

Although both general social beliefs and the research evidence support the idea that
reading to one’s children is very important for their cognitive development, a substantial
numbers of parents do not read to their children on a regular basis. In 2007, 16% of all
parents of a child aged 3-5 years and 29% of parents living below the poverty line reported
that neither they nor other family members read to their children at least three times per
week (Noel, Stark, and Redford 2015).

Many parenting interventions have tried to increase the amount of time that disadvan-
taged parents spend in educationally enriching activities and especially reading with their
children. However, most of these programs have had modest success at best. For example,
many practitioners and policy makers believe that home visiting programs are the best way to
improve parental engagement in disadvantaged families. Yet evaluations of these programs
find little improvement in parent engagement or other aspects of the home environment
(Olds, Henderson, and Kitzman 1994; Wagner, Spiker, and Linn 2002). This is important
because the average cost to serve a family for 45 weeks in a home visiting program is about
$6,500; the Nurse Family Partnership program is on average more expensive and can cost up

to almost $14,000 for each participant (Zaveri, Burwick, and Maher 2014). By comparison,



the Perry Preschool Program, which is widely upheld as a model preschool program, had
effect sizes on arithmetic achievement at age 14 equal to 34% of a standard deviation but at
a cost of $20,500 (in 2013 dollars) for each participant (Schweinhart et al. 2005).

The lack of parental participation and persistence in home visiting programs is an im-
portant problem that is also found with other programs intended to increase parental en-
gagement with their children. For example, almost half of families left the home-based Early
Head Start program before their child was 30 months old (the program was designed to
last until the child was 36 months old), and more than a third dropped out before they
had been enrolled for 18 of the 36 months (Roggman, Boyce, and Innocenti 2008). Only
40% of families stayed enrolled in Early Head Start home-based programs until graduation
or transition. Other programs intended to change parenting behaviors experience similarly
high attrition rates (Baker, Piotrkowski, and Brooks-Gunn 1999; Gomby 1999). Even if
parents are motivated to invest in their children, many may be less motivated to participate

in programs intended to increase their investment.

1.2.2  Obstacles to Parent Engagement: Insights from Behavioral Science

Multiple theories try to explain the difference in parental engagement with their children.
Yet we have remarkable little empirical evidence on the salience of these theories. An impor-
tant contribution of this paper is to try to understand the mechanisms influencing parental
engagement in one particular important behavior, namely reading to their young children.
Perhaps the dominant explanation for differences in parental engagement by family ad-
vantage is that disadvantaged parents expect a lower return for the time they spend with
their children. Agee and Crocker (1996) use parent’s decision about whether to treat high
levels of lead found in their children’s blood as an instrument for the parents’ discount rate
for child investments. They find that less educated and lower income parents discount their
investments at about twice the rate as more advantaged parents and that both have discount

rates that are high compared to other investments. Cunha, Culhane, and Elo (2013) find
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that the median subjective expectation about the elasticity of child development with re-
spect to investments is between 4% and 19% for mothers of very young children who receive
Medicaid. In comparison, the “true” elasticity estimated from CNLSY /79 data is between
18% and 26%. This means that on average disadvantaged parents underestimate the return
to their investment in their children but still estimate a substantial positive return. Differ-
ences in expected returns could account for some of the difference in the amount of time that
parents spend with their children, although a lower expected return could lead to either less
or more investment.

It is also possible that the difference between advantaged and disadvantaged parents in
time investments in their children stems from disadvantaged parents’ experiencing less pos-
itive affect from interacting with their children. But Kalil, Mayer, Delgado, and Gennetian
(2015) show that in fact mothers with less than a college education report more enjoyment
from spending time with their children than do mothers with at least a college education.
Disadvantaged parents could also be time constrained. However, as we noted above factors
such as work hours or number of children account for little of the SES-based differences in
time investments in children.

It could be that disadvantaged parents engage their children less because they lack in-
formation about how to invest in educational activities, or that this information is just not
salient enough for parents to remember to make use of it throughout the hectic day. York
and Loeb (2014) provide some evidence for this using a text-messaging program for parents
of preschoolers to provide quick tips of specific actions parents might take take to increase
their child’s literacy skills. Their 8-month intervention of 3 texts per week resulted in an
increase in students’ scores on an assessment of early literacy of 0.18 standard deviations at
the end of the intervention (with a standard error of 0.104). Parental behavior corresponding
closely with the content of the text messages also increased, though the increase was also

estimated imprecisely and self-reported, and the study found no change in reading to the



child.?

Another explanation for the gap in parental engagement between advantaged and disad-
vantaged families is that disadvantaged parents have less time and resources to engage their
children. Evidence from time use data shows that even when researchers control the number
of and ages of children in the home, whether the parent is married, and how much time the
parent works, the differences by education in the amount of time that parents spend with
their children remains. Furthermore, as we describe below few parents in our sample say
that they lack the time to engage with their children and almost none say that they do not
read because they have nothing to read.

Our approach is based on a rapidly growing research literature in psychology and be-
havioral economics that has focused on understanding why adults often fail to do things
that they know they should do such as exercise, save, eat healthy foods, and how to change
these behaviors. A leading explanation focuses on problems related to discounting the future
such as impatience and present-bias (Thaler 2015). It is well known that future outcomes
are under-emphasized (discounted) relative to immediate outcomes. This means that it is
hard for people to give up things they enjoy today for the (under-valued) future and the
result is problems of self-control. In the context of parenting it is hard to give up leisure
today for a distant return on children’s human capital. Discounting the future induces pro-
crastination and impatience, which affects activities in many domains, such as in financial
choices (savings and credit card borrowing, e.g. Meier and Sprenger 2010; Eckel, Johnson,
and Montmarquette 2005), health-related behaviors like dieting and exercising, smoking and
nutrition intake (e.g., Chabris et al. 2008), or education-related behavior like investments in
human capital, studying, or behaving at school (Sutter et al. 2013; Castillo et al. 2011).

Some research has documented that low-income individuals discount the future more

2. The differences in home literacy activities between the treatment and control group are usually quite
small in absolute terms. For example although the difference between the treatment and control group
in the number of times that parents report telling stories to their children is .22 standard deviations and
statistically significant at p=.05, in absolute magnitude the control group told stories 2.85 times per week
and the treatment group told stories 3.03 times per week.



heavily than higher income individuals (Golsteyn, Grngvist, and Lindahl 2013; Lawrance
1991; Dohmen et al. 2010). Other research suggests that this might help account for
differences in child rearing behavior. For example Pabilonia and Song (2013) find that
even after controlling for parental differences in income, employment, and education, single
mothers who are more present-oriented spend significantly less time with their children
overall and less time engaged with their young children in educational activities. Their
children also have lower scores on reading comprehension tests.

Differences in time preferences may arise because disadvantaged parents face a host of
stressors such as income instability, child care problems, car breakdowns, and the like, all
of which place cognitive and emotional demands on their attention in the present and leave
little energy for thinking about the future (Spears 2011; Mani et al. 2013; Gennetian and
Shafir 2015). The cognitive load associated with such stressors may result in inattention and
distraction that result in less emphasis on the future and impatience today. Differences in
the focus on the present may arise for other reasons and may contribute to disadvantaged
parents having lower education and income. Impatient individuals may prefer jobs with flat
wage paths, as opposed to careers that promise high wages only after a period of training or
education. Research has shown that certain behavioral tools such as commitment devices,
reminders, and social rewards can help overcome impatience and procrastination and lead
to better decisions.

Behavioral scientists have proposed a number of approaches for addressing present-bias.
A commitment is a pledge to carry out a specific behavior or take actions necessary to achieve
a specific goal (see Ashraf 2013; Bryan, Karlan, and Nelson 2010 for recent relevant studies).
People are strongly motivated to be consistent with their own past actions, especially actions
taken publicly. For this reason, when a commitment formalizes a person’s pledge to do
something or achieve an objective, it increases the chance that he or she will do it by
increasing the psychological cost of not doing the behavior to which the individual committed.

Research suggests that even the act of writing down a commitment to doing an activity can
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increase the likelihood of actually doing it (Giné, Karlan and Zinman 2010). Commitment
devices reduce procrastination and impatience by focusing attention on the actions that the
individual pledged to take.

Reminders can also reduce procrastination and impatience by inducing people to attend
to tasks by refocusing attention on the task. A reminder can change time allocation today
by focusing attention on the relationship between future outcomes and current choices. Text
messages are the most common way to communicate reminders and they are now a common
feature of many interventions (Richburg-Hayes et al. 2014). Castleman and Page (2013)
and Bergman (2015) also show that text message reminders to parents and adolescents can
improve educational outcomes.

Social incentives are designed to shift preferences by increasing the utility of specific
behavior, often by increasing their monetary value but sometimes by increasing the cost
of alternative behaviors. While a large research literature documents the importance of
monetary incentives for changing behavior, a growing body of research also documents the
importance of nonmonetary or social incentives for changing behavior. Nonmonetary incen-
tives may be at least as effective as monetary incentives at changing a behavior, such as
parents engaging with their children, that is considered pro-social or normatively desirable
(Gneezy and Rustichini 2000; Benabou and Tirole 2003, 2006; Besley and Ghatak 2005; Dixit
2002). Social incentives work by both increasing the utility of the rewarded behavior and,
like commitment devices, reducing procrastination and impatience by focusing attention on

the rewarded behavior.

1.3 The Parents And Children Together Intervention

We called our intervention the Parents And Children Together (PACT) program. Parents
with children aged 3-5 enrolled in a subsidized preschool program (e.g. Head Start) in
Chicago were given an electronic tablet to borrow for the six-week intervention. The tablet

had an application pre-loaded on it that included over 500 children’s books in English and
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Spanish. Within each preschool center, parents were randomized to either a treatment group
or control group. 3 4 The treatment included three behavioral tools (a commitment device,
reminders and a social incentive) plus information on the importance of parents’ reading to
their children. The intent of the intervention was to increase the time that parents spent
reading to their children using the app on the electronic tablet.

We use what Bryan, Karlan, and Nelson (2010) call a soft commitment device. At the
beginning of each week a research assistant asked each parent in the treatment group to set
a goal for how much time he or she would spend using the reading app during the next week.
The research assistant recorded this number in the “virtual goal keeper” (VGK), which is a
web site that we developed for the project. At the end of the week the research assistant
showed the parent a bar chart on the VGK (or sent a text message with the information)
that displayed the parent’s goal relative to how much the parent actually read. Parents
were then asked to set a goal for the next week. This was repeated for every week during
the intervention. During this time the research assistants did not interact with the parents
except to show them their progress and get their new goal. While control group parents
did not set a goal, they also briefly met with research assistants each week so that we could
collect data from their tablets.

Parents in the PACT treatment group received a text message reminder every weekday:.
Text messages combined reminders to work toward the parent’s goal of using the tablet to
read to their child and messaging about the importance of reading. There were a variety of
texts that repeated after the third week. Some examples were, “Are you working towards

your goal this week? Remember that reading with your child is very important to your

3. We recruited parents when they dropped off or picked up their children at the centers. We spent between
6-10 hours in each center inviting parents to participate. Parents received different tablets depending on
whether they were in the treatment or control group. The tablet number indicated the group to which they
belonged. The recruitment process is explained in detail in the appendix.

4. Together the preschool programs served about 965 children at the time we began recruiting. Based
on conversations with the staff of the preschools we estimate that about 15 percent of the 965 children were
not eligible due to the language condition. We estimate that an additional 15 percent are siblings of another
child in the center and only one sibling could be a focal child in PACT. Therefore, across the 8 centers, about
580 children were eligible to participate in PACT.
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child’s future.” “What’s your child’s favorite book? Find some books your child loves and
have fun reading them tonight!”

As a social reward if a parent met her reading goal she received a congratulatory text
message, and if she viewed her reading minutes and goal on the Virtual Goal Keeper a
cartoon bear did a celebratory dance. In addition, each week a text message went to all
parents in a center saying, “This week in your group, the parent with [tablet number] did
the most reading with their child! Congratulations to that parent!” The parent with that
tablet number would therefore know that she had done the most reading but other parents
would not know who that parent was.

We provided information on the importance of reading to treated parents while parents
in the control group received ‘placebo’ information. In particular, tablets for parents in
the treatment group included 13 videos and 2 .pdf documents about parenting, language
development and the importance of parents’ reading to their children. Tablets for parents in
the control group included 14 videos and 1 pdf document about nutrition, health and dental
hygiene. If a document was opened this information was stored on the tablet so we could
identify whether parents opened the documents.

Parents in both the treatment and control group were asked to designate a “focal” child
in case they had more than one child in preschool and they were instructed to use the reading
app with this child. Parents were told that other children could be present when they used
the app but that we were most interested in their use of the app with the focal child. We
observed parents using the app to read to their child over a six-week period. When a book
from the app was opened on the tablet an audio and video recording of the parent reading
to the child automatically began and continued until the parent finished the book or closed
the app.

We identified the number of minutes that parents read to their children by using the
time stamps provided in the reading application. We implemented the intervention in two

six-week rounds to minimize the number of electronic tablets that we needed to purchase.
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The first round was in the autumn semester of the preschool programs and the second
was in the winter semester. As we describe below, we implemented two short follow-ups
with participants to test whether the effect of PACT persisted after the intervention ended.
Parents whose primary language was either English or Spanish, who had a child enrolled
in one of eight subsidized preschool program in Chicago, Illinois, who were willing to sign
a consent form and a pledge to borrow, safeguard, and return an electronic tablet at the
end of the program were eligible for the intervention.? The preschool programs were located
throughout the city and have a racially and ethnically diverse population. 6 We collected
data in 3 surveys. Survey 1 was administered when parents first received the electronic
tablets. It asked parents to report general characteristics of the child, the household, and
themselves. Survey 2 was administered in the middle of the intervention period and consisted
of a time preference assessment that we discuss below. Survey 3 was administered at the

end of the six-week intervention. It asked questions about parenting beliefs and practices.

1.4 Results

1.4.1 Do Parents Read More to Their Children?

A total of 169 parents participated in the PACT intervention. Among this group about
half were randomized to the treatment (N=84) and half to the control (N=85) group. Of
these, 160 took the first survey (80 treated, 80 control). Overall the parents participating in
the PACT intervention are similar to a national sample of parents of children in Head Start
programs on characteristics collected in the Head Start Family and Child Experiences Survey
(FACES) survey except that a higher proportion of PACT families are Spanish speaking.

Table 1.1 describes the main characteristics of the total sample and the treatment and control

5. All tablets had 6 instructional videos (each in Spanish and English) pre-loaded on them. Two of these
were about how to use the reading app and the other four were an introduction to the PACT study, the
consent form, and the tablet agreement form that participants were asked to sign.

6. A map of the City of Chicago with the geo-referenced preschool can be found in the appendix.
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samples. No differences between the treatment and control group is statistically significant at
the 5% level. Three differences were significant at the p=0.10 level, which is about what we
would expect by chance.” The focal child from the treatment group was more likely to have
been born early (p=.07). Treatment group parents were more likely to have a GED (p=.10)
while control group parents were more likely to have some college (p=.10). Conditioning on
these observed variables makes virtually no difference to the results.

Our main outcome of interest is the time parents spend reading to their children using the
reading app on the tablet. 8 We also have information on related outcomes like the number
of stories read by the parents; the average time spent reading each story, and whether parents

read the same or different stories. We estimate the following equation:

Y=a+T+¢ (1.1)

where Y is an outcome variable, and T is an indicator for random assignment to our treat-
ment. Our parameter of interest if §, which equals the average difference for parents ran-
domized to the treated group compared to those randomized to the control group. Below we
add relevant covariates to this model to test the robustness of the results to their inclusion.

Column 1 in Table 1.2 shows results for the estimation of equation (1) with the number
of minutes parents read to their children using the app as the outcome. On average, the
treatment group read 88.3 minutes more than the control group over the six weeks of the
intervention, more than doubling the amount of time spent read to the child using the app (an
increase from an average of 63.3 to 151.7 minutes). This represents a one standard deviation

difference. Column 2 shows that the average number of books read during the 6-week period

7. We compare differences in 22 variables in Table 1.1, so we expected 2.2 of them to be significant at the
10% due to chance.

8. Some parents may “outsource” the time investment to another family member, such as an older sibling,
father, a grandparent or someone else. While in principle we could distinguish who was reading to a child in
practice this became burdensome. In addition, there is no reason to expect that there would be differences
between the control and treatment group in the tendency to outsource reading to others. Therefore, we
counted all minutes in which the app was being used for actual reading. We spot checked videos to assure
that there was both an adult and a child in them.
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was 14.8 for the control group and 31.4 for the treatment group. In other words, parents in
the treatment group read an average of almost one book per weekday compared to two or
three books per week for the control group.? This is a large effect compared to York and
Loeb’s (2014) intervention in which at the end of the intervention treatment parents reported
reading to their children 3.03 time while control parents reported reading 2.85 time. The
last column in Table 1.2 shows that the treatment also increased the fraction of parents ever
using the app to read a story to a child from 84 percent for the control group to 96 percent
for the treatment group.

We conducted short-term follow-ups of parents who participated in PACT. One group
of parents kept the tablets for an additional three weeks immediately after the intervention
ended and another group got the tablets back for three weeks three months after the inter-
vention ended. No behavioral tools were used during either of the three week follow-ups. We
then compared the amount of time that treatment and control group parents spent using the
reading app during the follow-up period. Although the effect sizes remained very large for
the follow-ups, these results were inconclusive because of the small sample sizes and selection

into the follow-up groups. These results are available in the appendix.

1.4.2 Do Parents Who Discount the Future Respond More to Reminders?

As noted, reminders and commitment devices are designed to overcome the procrastination
that arises from discounting the future. If discounting the future reduces parents’ engagement
with their children and if these behavioral tools mitigate the discount rate on the future then
we should observe that the parents who discount the future more read less to their children
and respond more to the intervention. To explore this hypothesis, we implemented a time-

preference task designed to measure parents’ time discount rate.l? We use the Convex Time

9. We also found that there was no statistically significant difference in the average time spent reading
each story, or in the number of different books read by parents. These results suggest that the treatment
effect occurred mostly through reading more books.

10. The time preference task was administered on electronic tablets after random assignment to parents
in both the treatment and control groups. See the appendix for more on details, procedures and the ques-
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Budget (CTB)!! method (first introduced by Andreoni and Sprenger 2012) to estimate both
a discount rate for parents and their present bias, which have been shown to best predict
outcomes in previous research (Burks et al. 2012). We then examine whether parents with
a higher discount rate read less and responded more to our treatment.

Parents were asked to choose between an amount of money that they could receive im-
mediately or a different amount that they could receive later. In total, each parent answered
15 of these questions with four choices each (two inner solutions and two corner solutions),
as in Andreoni, Kuhn, and Sprenger (2013). The first five questions gave parents the choice
of receiving payments immediately or three weeks later, the next five questions gave parents
the choice of receiving payments immediately or six weeks later, and the last five questions
offered the choice of receiving payments in three or six weeks. Within each time horizon,
each question presented an increasing price for the earlier payment.12 The set of choices is
shown in the appendix. The 3- and 6-week time horizons were chosen because the interven-
tion lasted six weeks so the payout could be made during or at the end of the intervention.
Comparing decisions with a delay of 21 days to those with a delay of 42 days allows us to
identify the discount rate, or degree of “patience.” Less patient (more patient) parents are
defined as those with an estimated discount rate above (below) the sample median. The
degree of patience among parents is balanced by treatment status.

Of the 169 participants who were eligible to participate in the time preference task, 112
participated. Of these, 59 were in the treatment group and 53 were in the control group and

participation was not correlated with treatment status.1? To understand how representative

tionnaire.

11. The CTB method identifies the curvature in the utility function over time by estimating a respondent’s
sensitivity to changing interest rates. The key in using this approach is to vary the implicit interest rate
in the options presented across subsequent sets of options. The sensitivity to changing interest rates across
the question sequences identifies the utility curvature; the time preference is identified through the stated
preference over the timing of payments.

12. Decreasing the earlier payment is equivalent to increasing its price relative to the future payment.

13. 70% of the treated parents participated in the time preferences task, while 62% of the control group
parents did. The mean difference of eight percentage points (pp.) has a standard error of 7.3 pp., and is
therefore not significant at the .05 level.
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of our original 169 parents these 112 parents are, we first repeat the treatment regression
shown in Table 1.2 for the 112 parents who participated in the time preference task. The
first column of Table 1.3 repeats the result from Table 1.2 and the second column shows the
results for the 112 parents who participated in the time preference task. The coefficient on
the treatment condition is 82.1 in that model compared to 88.3 for our baseline estimation
(the difference between these coefficients is not statistically signiﬁcant).14 We also compared
parents who did and did not participate in the time preference task on the characteristics
shown in Table 1.1. On these 22 characteristics no difference between the two groups was
statistically significant at p=0.05.

Column 3 in Table 1.3 shows that the treatment effect for less patient parents was 124.52
minutes and column 4 shows that the treatment effect for more patient parents was only
42.26 minutes. The constant indicates the amount of reading net of the treatment. It shows
that more patient parents read 97.26 minutes compared to less patient parents who read only
68.33 minutes. Thus, absent the treatment more patient parents read more than less patient
parents but the treatment has a greater effect for less patient than for more patient parents.
These results are consistent with the theory that parents who discount the future more invest
less in their children’s future but that the behavioral tools in PACT help these parents more.
Factors correlated with a parent’s discount rate may account for the differences in the effect
of PACT. For example, parents who experience “cognitive scarcity” (Shah, Mullainathan,
and Shafir 2014; Spears 2011, Mani et al. 2013, Gennetian and Shafir, 2015) may both find it
hard to attend to their child’s needs to value the future. It is difficult to empirically separate

these mechanisms.

14. The z-test for the difference is given by z = (B1 — B2)/+/(seB12 + seB22) = .203, and hence non-
significant.
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1.4.3 Did Parents Learn from Goal-Setting?

Each week parents were asked, “How many days and how many minutes per day do you
commit for your goal this week?” Anecdotally we know that parents in PACT attended to
the goals that they set because they often told members of the research team that they were
sorry that they did not meet their goal and expressed determination to meet the goal. In
theory, goal setting both focuses attention on the behavior that is the object of the goal thus
reducing procrastination or impatience and by imposing a psychological cost to not meeting
the goal.

If not meeting the goal is psychologically costly then we would expect that over the six
weeks of the intervention the difference between the goal and the actual amount of reading
time would decline. This in fact happened. In week one the average actual reading time for
parents in the treatment group was 23 percent of the average goal. By week 6 the average
actual reading time was 65 percent of the average goal. The convergence mainly occurred
because the goals decreased each week (from an average of 93 minutes in week 1 to an average
of 49 minutes in week 6). The actual reading time varied from 26 minutes per week to 34
minutes per week but there was no clear trend in the amount of reading over the intervention
period.'® Although parents became more realistic about how much they would actually read
in the coming week, after six weeks the difference between the goal and actual reading time

was still sizable.

1.4.4 Did Information about Reading Matter?

We explore whether information about the importance of parental engagement and reading
in particular was an important part of the treatment effect by examining the responses to
the survey that was administered at the end of the intervention. As noted the electronic

tablets for parents in the treatment group had videos and .pdfs on the importance of parental

15. The appendix describes the process for estimating the average weekly goals and the average weekly
actual amount of reading time.
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engagement and especially reading while the tablets for the control group had placebo videos
and .pdfs. However, only 15 parents in the treatment group and 15 in the control group ever
opened a video or .pdf during the six-week intervention. Informal discussions with parents
suggest that they mainly opened these as part of their exploration of what was on the tablet
and not to engage in the content.

In addition, the survey that we administered at the end of the intervention asked three
questions about parental engagement that were the subject of the informational material on
the treatment group tablets. These questions were on parents’ expected return to the time
they spend reading to their children, their beliefs about whose job it is to teach reading to
their children, and whether they think their child’s ability is set at birth or not.

If the information on the tablets made a difference we would expect parents in the
treatment group to report a higher expected return to their time compared to the control
group parents. In the survey at the end of the intervention we asked the following question:
“If you were to spend 15, 30, 45 or 60 more minutes per day in educational activities with
your child, how do you think your child’s reading skills would compare to all other children
of the same age across the United States, on a 0-10 scale?” Figure 1.1 shows that parents
in both the treatment and control group believe that investing more time in educational
activities would increase their children’s skills. However, we found no statistically significant
differences between treated and control parents on this measure.

In the same survey we also asked parents, “Whose job is it to teach math and reading
to preschool children.”6 If parents think it is mainly the job of the preschool to teach
math and reading it implies that they do not believe that they need to spend educational
time with their child in order to improve these skills. But only 1 percent of parents in the
treatment and control groups combined reported that it was “only” or “mostly” the job

of the preschool to teach math and reading to preschoolers and there were no differences

16. In a pretest we asked separately about math and reading. Because parents almost always gave the
same answer for math as they did for reading we combined them in the survey for the whole PACT sample.
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between the treatment and control group on this measure.

In the same survey we also asked, “Think about a child’s ability to talk and use language.
How much do you think this ability is set from birth and how much is based on what parents
teach the child?” If the information provided on the tablets is an important part of the
treatment effect we would expect that parents in the treatment group would be less likely to
answer that they believe ability is set. Only 6% of the parents indicated that child ability
was set all or mostly at birth and there was again no difference between the treatment and
control group.

The survey results suggest that parents in both the treatment and control groups believe
that spending educational time with their child will increase their child’s skills and that it is
the parents’ job to do this. A fuller description of these results can be found in the appendix.
It is perhaps not surprising that there is so little difference in the responses to these questions
given that an important mission of Head Start is to convey to parents the importance of
engaging their children and especially the importance of reading to their children. Parents
clearly hear the message but many do not act on the information that they receive. From
this we conclude that additional information about reading and parental engagement as

presented in the PACT intervention played almost no role in the treatment effect.

1.5 Robustness Checks

To test the robustness of our estimates we estimate several different specifications for our
main outcome of interest. In the appendix, we estimate the same specifications for additional

outcomes.

1.5.1 Drop-Outs

Of the 169 parents, eleven returned their tablets and stopped their participation in PACT

before the end of the intervention. Six of these parents belonged to the control group and

21



all of them stopped during the first week of the intervention. Two of them recorded some
reading. Of the five treated parents who stopped, three did so during the first week and two
did so during the second week. We asked all eleven parents why they dropped out. The
reasons included that they did not enjoy the check-ins (when we downloaded data from the
tablets); that the child was too young to use the tablet; that the child was not interested
in reading on a tablet; that the children in the home were fighting over the tablet; that the
intervention felt like an invasion of privacy; and that the child was sick.

The results in Table 1.2 include the parents who dropped out and count them as not
spending any time on the app after they dropped out. If we omit the eleven parents who
dropped out, the treatment effect on the number of minutes spent reading with the app

increases from 88.3 to 92.3 minutes.

1.5.2 Outliers

Figure 1.2 shows the distribution of reading time in 10-minute intervals, by treatment status.
It shows that the control group’s average total minutes of reading over the six weeks is
clustered at the lower end of reading time. It also shows that for both the control and
treatment groups there are individual parents who are on the far right tail of the distribution.
Table 1.4 shows the sensitivity of our results on reading time to the omission of outliers.
Column 1 shows our estimation for the effect of the treatment on reading time for the full
sample. Columns 2, 3 and 4 exclude parents who read more than 600 minutes (three standard
deviations (SD) above the treated group mean), 450 minutes (two SD) and 300 minutes (one
SD), respectively.!” Not surprisingly the coefficient on the treatment declines as we omit
outliers. However, the effect sizes remain very large, ranging from 1.38 in the second column
to 1.00 in the fourth column.

We also tested the sensitivity of the results to omitting those who did not read at all, as

shown in Column 5 in Table 1.4. Among parents who read at all, parents in the treatment

17. The standard deviation for the treated group is 148 minutes.
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group read 83.4 more minutes than those in the control group, which equals an effect size of

92.

1.5.3 Covariates, School Fixed Effects and Clustering

Of the 169 parents, 160 answered our initial survey. From those 160 parents, 151 have
complete information (i.e., non-missing values) for the set of covariates described in Table
1.1 (except family income and race and ethnicity because these had a large number of missing
data). The 18 parents with some missing information include 10 in the treatment group and
8 in the control group. The first column in Table 1.5 shows the baseline estimation for the 169
parents (from Table 1.2). The second column shows the results for the sample with complete
information in the set of covariates in Table 1.1. The coefficient on treatment drops from
88.3 to 79.5. Column 3 adds school fixed effects, column 4 controls the covariates from Table
1.1 and column 5 adds school clusters. The results in column 5 show that the treatment
effect and its statistical significance remains virtually unchanged when we condition on a

large set of covariates, use school fixed effects and when we cluster on schools.

1.6 Conclusions

The PACT intervention increased the amount of time that parents in the treatment group
read to their children by over 88 minutes over six weeks. We speculated that one reason
that disadvantaged parents do not read more to their children is that they discount the
future, resulting in impatience. Our evidence that less patient parents read the least to their
children but that the intervention had the greatest impact on less patient parents supports
this hypothesis.

A primary motivation for this intervention was the fact that programs to help parents
engage with their children have largely been unsuccessful. Consequently we were mainly

interested in motivating parents to engage in the specific task of using the app to read
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and not necessarily in increasing parents’ total reading time. However, increasing total
reading time is also an important goal and as such it raises the question of whether parents
substituted reading on the tablet for reading non-electronic books (or other forms of positive
engagement with their children). Of course the question of substitution arises in many RCTs
because we seldom can measure all the alternative behaviors that participants might have
engaged in absent the intervention. But in the case of PACT, parents and children might
have found the tablets new and fun and the number and variety of books on the tablet may
also have made substitution of the tablet for paper books likely. We have no direct evidence
of the extent of such substitution.

However, some evidence suggests that little substitution occurred overall or at least that
it did not occur differentially for treatment and control group parents. First, the amount of
time that the parents in our sample spend reading to their children is very small. As Table
2 shows the control group read only 63.3 minutes over the entire six-week intervention. This
equals about 1.5 minutes per day of reading. Parents in the control group all had the tablet
with the reading app, so if these were enticing, the amount of reading absent the behavioral
tools must be close to zero leaving little room for substitution. We have no reason to believe
that the pre-intervention reading time of the treatment group was any greater than the
control group’s reading time during the intervention. Thus it does not seem unreasonable
to assume that prior to the intervention the amount of time that parents who participated
in PACT read to their children was extremely small and therefore that there was little room
for substitution.

Assuming little or no substitution we can put the results from PACT in perspective
using the results from the related literature. For example, as we described above Price
(2010) estimates that an extra half hour of parents’ reading to a child per week would raise
the children’s reading scores by about 5% of a standard deviation per year. If that increase
were cumulative, after 10 years the increase would be half a standard deviation. However,

Price’s sample is all mothers in the NLSY so the sample probably has a higher mean for

24



reading time than our sample of disadvantaged parents. If we assume that the relationship
between reading time and test scores is concave downward, then the effect of the PACT
treatment on test scores of disadvantaged children would be greater than is suggested by
Price’s results. In our intervention the treatment group read on average about five stories
per week, compared to about two stories read by the parents in the control group. Kalbs and
von Ours (2014) find that reading 3-5 times a week to children (aged 4-5) is associated with
about a half a standard deviation increase in a cognitive skill index compared to reading less
than three times per week. Their sample is also less disadvantaged than the PACT sample
so the effect of PACT on disadvantaged children is likely to be greater. Finally, it is worth
noting that several papers find that reading to children not only increases literacy skill but
also numeracy and non-cognitive skills. If so the effect of PACT on the amount of time that
parents spending reading to their children may have even more far-reaching benefits than
suggested by scores on tests of literacy.

This paper has demonstrated that low-cost goal setting and reminders can motivate
parents to do things that they want to do but often fail to do. This is important because
many interventions have tried to change parental behavior with little success. Because these
behavioral tools can be cost effective, they provide a promising way to help parent engage

their children more often and more productively.
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1.8 Appendix

1.8.1 Recruitment

We recruited parents at eight subsidized preschool programs in Chicago, Illinois. These
centers were selected partly because they represented the diversity of centers in Chicago,
partly because they are large, and partly because are located in areas accessible for our
research assistants. They were located throughout the city and have a racially and ethnically
diverse population as we document in the main text in our paper. Figure 1.3 presents a map
of the City of Chicago with the geo-referenced preschools.

Together these preschool programs served about 965 children at the time we began re-
cruiting at the beginning of the 2014-2015 school year. Given that the material we developed
for our treatment was in English or Spanish, parents and children who did not speak these
languages were not eligible for PACT. Based on conversations with the staff of the preschools
we estimate that about 15 percent of the 965 children were not eligible due to the language
condition. We estimate that an additional 15 percent were siblings of another child in the
center and only one sibling could be a focal child in PACT. Therefore, across the 8 centers,
about 580 children were eligible to participate in PACT.

We spent between 6-10 hours in each center inviting parents to participate when they
dropped off or picked up their children. Of the estimated 580 children whose parents were
eligible, 313 signed up on site and we could contact 220 of these. The main reason that we
could not contact parents was that the phone number we had was not accurate. Among this
group, b1 parents declined to participate. The main reason for not participating was not
having time to complete the orientation session, which we describe below. In the end 169

parents agreed to participate in the PACT intervention.
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1.8.2 Orientation Sessions and Randomization

All participating parents were given an immediate on-site orientation session, that took
about 30 minutes on average. Prior to the orientation parents were randomly assigned to
the treatment of the control group. Once parents agreed to participate in PACT they were
assigned an electronic tablet to borrow for the six-week intervention. Each tablet had a
numeric identifier, known by the research team only. Parents assigned tablets with even
identifiers were assigned to the treatment group (N=84), while odd identifiers were assigned
to the control group (N=85). Tablets for the treatment group were assigned to every other
parent who agreed to participate.

During the orientation parents signed all necessary forms and were instructed in the use
of the tablet and the reading application.18 During the orientation parents in both the
control and treatment groups were asked to watch six short instructional videos. Two of
these were on how to use the reading application and four were an introduction to the PACT
study. Parents were required to sign a consent form, and a pledge to borrow, safeguard, and
return the tablet at the end of the program.

While under the supervision of our research team, all parents were given the opportunity
to try the digital reading application on their own with a hard copy set of directions that
they followed at their own pace. In doing so, they made a video of themselves using the
reading application on the tablet, mimicking what they would do when reading to their child.

At the end of the orientation sessions, all parents took a short survey on the tablet. This
was the first of three surveys that we administered during the intervention, as we explain in

the next section.

18. The rest of the functionalities of the tablet like Internet access or additional applications were disabled.

33



1.8.3 Survey Response

We collected data in 3 surveys. Survey 1, administered during the orientation session, asked
parents to report characteristics of the child, the household, and themselves. Survey 2 was
a time preference assessment that we discuss below. Survey 3 was administered at the end
of the six-week intervention. It asked questions about parenting beliefs and practices. Table
1.6 show the number of parents who answered each survey, by treatment status. Almost all

parents completed survey 1 (95%), while two thirds answered surveys 2 and 3.

1.8.4 Representativeness of PACT participants

Overall the parents participating in the PACT intervention are similar to a national sample
of parents of children in Head Start programs on characteristics collected in the Head Start
Family and Child Experiences Survey (FACES) survey except that a higher proportion of
PACT families are Spanish speaking and Hispanic, which is not surprising because language
was an eligibility criteria for participation in PACT. Table 1.7 reports the comparison of the
PACT participants to the parents of children entering Head Start on 2010, the latest year
for which FACES data is available.

1.8.5 Time Preferences

Our main hypothesis about why disadvantaged parents spend less educational time with
their children is that disadvantaged parents are prone to impatience or that they have a
high discount rate for the future. We examine if parents in our sample who are more future-
oriented read more and respond to the behavioral tools more than parents in our sample
who are more present oriented. We next describe the Time Preferences Task, explain our
estimation procedures (for our parameters of interest and their associated standard errors),

and present the time preferences questionnaire.
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1.8.5.A. Time Preferences Task

Following Andreoni and Sprenger (2012, 2013), we designed a survey to measure time prefer-
ences. This survey corresponds to the PACT survey 2, which was administered on electronic
tablets after random assignment to parents in both the treatment and control groups. Par-
ents were given a set of instructions and an example before they began the task. They were
given the opportunity to ask questions before the task and during it. Instructions and an
example were also available in an audio recording on the tablet that parents could play at
any time while they performed the task. All the parents in a particular center were given the
time preference task on the same day. To induce parents to answer truthfully, all respondents
were entered into a lottery and one parent was randomly selected to actually receive the pay-
out. For that parent the actual amount and time for the payout was determined by randomly
selecting one of the 15 payouts that the parent preferred. Parents always had a greater than
one in ten chance of receiving a payout and they we informed of these odds prior to taking
participating in the task. Parents were asked to choose between an amount of money that
they could receive immediately or an amount that they could receive later. In total, each
parent answered 15 of these questions. In an effort to simplify the choice situation, each
of the questions offered four choices only (two inner solutions and two corner solutions), as
in Andreoni et al (2013). The first five questions offered payments immediately and three
weeks later, the next five questions offered payments immediately and six weeks later, and
the last five questions offered payments in three and six weeks. Within each time horizon,
each question presented an increasing price for the earlier payment. The set of choices is
presented below. The 3 and 6- week time horizons were chosen because the intervention

lasted six weeks so the payout could be made during or at the end of the intervention.
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1.8.5.B. Time Preferences Estimation

We use the Convex Time Budget (CTB)' method (first introduced by Andreoni and Sprenger,
2012) to estimate both a discount rate for parents and their present bias, which have shown
to best predict outcomes in previous research (Burks et al. 2012). We follow closely An-
dreoni et al (2013) and assume that parents have preferences for the experimental payments
X in period t and t+k can be represented by a utility function U(Xt , Xt+k ). U is a
time-separable, constant relative risk averse function with a quasi-hyperbolic structure for

discounting (Laibson, 1997; O’Donoghue and Rabin, 1999), given by
U(Xt, Xpn) = X + 007X, ), ©
that parents maximize subject to a budget constraint given by,
PXi+ Xy =Y

where, tg is an indicator function that takes value 1 if time t is in the present (now); 3
denotes the extent of present bias ; ¢ denotes the discount rate ; o denotes the curvature
of the utility function. ; P denotes the price ratio or gross interest rate; and Y denotes the
total experimental budget. The first order conditions from maximizing the utility function

subject to the budget constraint yield the standard condition,

MgUyx,

I _ p
MgUx,

indicating that the ratio of the marginal utilities from the earlier payment and later

19. The CTB method identifies the curvature in the utility function over time by estimating a respondent’s
sensitivity to changing interest rates. The key in using this approach is to vary the implicit interest rate
in the options presented across subsequent sets of options. The sensitivity to changing interest rates across
the question sequences identifies the utility curvature; the time preference is identified through the stated
preference over the timing of payments.
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payments should equalize the price ratio P. This implies that

Xt _ <p5t05k> =
Xitk

Taking logs,

" (X):k) = \(lan(_ﬁi) to + (L"Eé)l) k+ (a ! 1) In(P)

7 . 7 . >

Vv
0 et 2

Assuming an additive error structure, the estimation from the equation above pprovides
the estimated reduced form parameters 7, 77 and 7o, that allow us to identify our structural
parameters a, E, 5.

We compute the associated standard errors using the delta method. From the equation,
it can be ascertained that the variation in P identifies «; variation in k identifies ; and
variation in t0 identifies 8. The interpretation of the structural parameters is as follows. If
a =1 the utility function is linear. If @ < 1 individuals have convex preferences in (sooner,
later) space. More curvature implies that individuals prefer interior solutions (they prefer to
spread payments) over corner solutions. Lower ¢ implies less weight to the future, or more

patience. If 8 =1 there is no present bias. If 8 < 1 there is present bias.

1.8.5.C. Recovering Standard Errors using the Delta Method

We start with «, because it is a function of only one reduced form parameter

1
o =g(m)=1+—
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We need to assume that 79 is a consistent estimator of 79 and that a CLT can be applied

(iid, finite variance). Then,

Vi(my —73) & N(0,03) (*)

which we will use to get,

Vila —a) % N(0,02)

A first order approximation of g(ms) for 79 near 7o,

g(m2) = g(72) + ¢'(72) (72 — 72)
Vn(g(m2) = 9(72)) = ¢ (72)V/n(m2 — 72)
Vn(a = @) = (@) v/n(my — 72)

Using (1) and the Slutsky Theorem,

Therefore

Hence an estimator of Var(a) is given by 02 = [¢/ (7?5)]20%

An analogous procedure can be applied for § = f(mg, m2) = exp(my/m2) and
6 = f(my, ™) = exp(my/T2)
Which delivers
0% = [2,00 + 2fro fra002 + [2,05 = (fro00 + fry09)”
2
§

= f%lg% + 2f771f7r2012 + f%a% = (fmgl + f7r202)2
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where fr. = 6{{75") for i=0,1,2.

Therefore the standard errors are given by,

o SE(@) =g (m)02

-~

* SE(B) = fry00 + frs02

~

i SE((S) = fﬂla"i_ f’ﬂ'Qa—E
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1.8.5.D. Time Preferences Questionnaire

Payout Question 1 of 15

Look at the four ways you could get money if you win. You get some money
this week, and the rest in three weeks.

Click on the button next to the choice you like best.

© Choice A

$24 guaranteed this week and $0 in 3 weeks
© Choice B

$16 guaranteed this week and $8 guaranteed in 3 weeks
_ Choice C

$8 guaranteed thisweek  and $16 guaranteed in 3 weeks
© Choice D

$0 this week and $24 guaranteed in 3 weeks

Payout Question 2 of 15
Each page has four different ways you could get your money if you win.

Look at the choices and click on the button next to the one choice you like
best.

® Choice A
$21 guaranteed this week and $0 in 3 weeks

_ Choice B
$14 guaranteed this week and $8 guaranteed in 3 weeks

© Choice C
$7 guaranteed this week and $16 guaranteed in 3 weeks

© Choice D
$0 this week and $24 guaranteed in 3 weeks

Payout Question 3 of 15
Here are four different ways to get the money if you win.

Click on the button next to the one choice you like best.

® Choice A
$18 guaranteed this week and $0 in 3 weeks
~ Choice B
$12 guaranteed this week and $8 guaranteed in 3 weeks
~ Choice C
$6 guaranteed this week and $16 guaranteed in 3 weeks
© Choice D
$0 this week and $24 guaranteed in 3 weeks
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Payout Question 4 of 15

Which of these do you like better?

) Choice A

$15 guaranteed this week and $0 in 3 weeks
) Choice B

$10 guaranteed this week and $8 guaranteed in 3 weeks
. Choice C

$5 guaranteed this week and $16 guaranteed in 3 weeks
_ Choice D

$0 this week and $24 guaranteed in 3 weeks

Payout Question 5 of 15

If you win, which way would you like to be paid? Choose one by clicking next
to it.

© Choice A

$12 guaranteed this week and $0 in 3 weeks
© Choice B

$8 guaranteed this week and $8 guaranteed in 3 weeks
© Choice C

$4 guaranteed this week and $16 guaranteed in 3 weeks
© Choice D

$0 this week and $24 guaranteed in 3 weeks

Payout Question 6 of 15

Please Note: Now the choices include money this week and in six weeks. Pick
the one you like most.

© Choice A

$24 guaranteed this week and $0 in 6 weeks
~ Choice B

$16 guaranteed this week and $8 guaranteed in 6 weeks
© Choice C

$8 guaranteed this week and $16 guaranteed in 6 weeks
_ Choice D

$0 this week and $24 guaranteed in 6 weeks
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Payout Question 7 of 15

This is a new set of choices but the payouts are still this week and in six
weeks. Please choose one.

© Choice A

$21 guaranteed this week and $0 in 6 weeks
© Choice B

$14 guaranteed this week and $8 guaranteed in 6 weeks
© Choice C

$7 guaranteed this week and $16 guaranteed in 6 weeks
© Choice D

$0 this week and $24 guaranteed in 6 weeks

Payout Question 8 of 15

Which one of these choices do you prefer? Remember that if you win, you
will get your money on one of the schedules that you pick in this survey.

© Choice A

$18 guaranteed this week and $0 in 6 weeks
. Choice B

$12 guaranteed this week and $8 guaranteed in 6 weeks
© Choice C

$6 guaranteed this week and $16 guaranteed in 6 weeks
~ Choice D

$0 this week and $24 guaranteed in 6 weeks

Payout Question 9 of 15

Now four different choices. Which one of these do you like best?

© Choice A
$15 guaranteed this week and $0 in 6 weeks
© Choice B
$10 guaranteed this week and $8 guaranteed in 6 weeks
_ Choice C
$5 guaranteed this week and $16 guaranteed in 6 weeks
© Choice D
$0 this week and $24 guaranteed in 6 weeks
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Payout Question 10 of 15

Please select the payout you like best of these four:

) Choice A

$12 guaranteed this week and $0 in 6 weeks
_ Choice B

$8 guaranteed this week and $8 guaranteed in 6 weeks
_ Choice C

$4 guaranteed this week and $16 guaranteed in 6 weeks
_ Choice D

$0 this week and $24 guaranteed in 6 weeks

Payout Question 11 of 15

Please note: now the money comes partly in three weeks and partly in six
weeks. Pick the one you prefer.

© Choice A

$24 guaranteed in 3 weeks and $0in 6 weeks
© Choice B

$16 guaranteed in 3 weeks and $8 guaranteed in 6 weeks
© Choice C

$8 guaranteed in 3 weeks and $16 guaranteed in 6 weeks
© Choice D

$0 in 3 weeks and $24 guaranteed in 6 weeks

Payout Question 12 of 15

The choices continue to combine payments in three weeks and in six weeks.
Click a button beside the one you like best.

© Choice A

$21 guaranteed in 3 weeks and $0 in 6 weeks
_ Choice B

$14 guaranteed in 3weeks and $8 guaranteed in 6 weeks
© Choice C

$7 guaranteed in 3 weeks and $16 guaranteed in 6 weeks
~ Choice D

$0 in 3 weeks and $24 guaranteed in 6 weeks
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Payout Question 13 of 15

Pick the one you like best from these choices:

O

O

O

Payout Question 14 of 15

If you win, which of these payment schedules would you pick?

O @)

O

Payout Question 15 of 15

This is your last set of choices! Please select the one you like best.

O

O

@)
=



1.8.6 Robustness Checks

To test the robustness of our estimates we estimate several different specifications for three
outcomes of interest: reading time, number of books, and the fraction of parents who did
any reading. In particular, Table 1.8 presents the results for participants by survey response;
Table 1.9 shows results excluding outliers and Table 1.10 tests the robustness of our estimates
when we include covariates, preschool fixed effects and clustering to our regressions. The
treatment impact remains qualitatively the same across our different robustness checks. In
addition, the next subsection tests whether our results vary in relation to the parental time

preferences.

Time Preferences Sensitivity

From our 169 PACT parents, 112 parents answered the time orientation task. Of the 84
treated parents, 59 participated in the time preference task (70%). Of the 85 control group
parents, 53 participated (62%). The difference of 8 percentage points is not significant at
5% (nor at 10%), as shown in Panel ¢ from Table 1.11.

Of the 112 parents who took the time orientation task, 28 gave the same answer to all
the 15 time orientation questions, leaving us with 84 parents for whom we could compute a
discount rate. Conditional on answering the survey (N=112), there is no significant difference
whether response had variation in their answers by treatment status, as shown in Panel 2
from Table 1.11.

We computed the time discounting (delta) parameter for the 84 parents with variation
in their answers to the time orientation task. We label this sample “With Time Preferences

A”. From the 84 parents, we distinguish:
e “Less Patient Parents A” are those whose score is below the median. (N=42)

o “More Patient Parents A” are those whose score is above the median. (N=42)
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This measure of patience is not correlated with treatment status, as presented in Panel 3
from Table 1.11 .

We then classified the 28 parents with no variation in their answers as:
e “Less patient Parents B”: if they answered only A or only B.
e “More Patient Parents B”: If they answered only C or only D.

This measure of patience is not correlated with treatment status, as presented in Panel 4
from Table 1.11.

Table 1.12 shows the results of estimating the effect of treatment on reading time for the
different groups of patient/impatient parents. The effect of the treatment is much stronger
for the less patient parents, independent of whether we use measure A or B, as columns (4)
and (7) show.

A final test consists in dropping parents that are systematically being inconsistent when
making their choices. A choice is classified as consistent if it allocates the same or a larger
budget share to the future payment date as a previous choice with a lower gross rate. As the
gross rate increases, the law of demand dictates a weakly decreasing allocation to the earlier
time point. The number of inconsistent choices at the parent level by treatment status is
shown in Table 1.13. We classified a parent to be systematically consistent if the number of
inconsistent choices is less or equal to three. This is arbitrary, but the results hold for any
other cutoff. Table 1.14 shows that the results hold if we consider the consistent parents

only.

1.8.7 Goal Setting and Imputation

Parents in the treatment group were asked to set a goal each week for how much time they
would spend reading to their child during the next week. As noted above we included the
goal-setting component of the intervention because commitment devices have been shown

to change behavior in domains other than parenting. Setting a goal for doing a particular
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behavior raises the psychological cost of not doing the behavior. Anecdotally we know
that parents in PACT attended to the goals that they set. They would often tell members
of the research team that they were sorry that they did not meet their goal and express
determination to meet the goal. But if not meeting the goal was psychologically costly, then
we expect that over the six weeks of the intervention the difference between the goal and the
actual amount of reading time would decline.

Parents were asked to set a goal when they first received the tablets so for the first week
all 84 parents in the treatment group set a goal. Parents were then asked to set a goal at
each weekly check in when they dropped off and picked up their tablet at the preschool.
If a parent did not bring the tablet in or did not pick it up, we asked the parent to set
a goal by text message. However, for a variety of reasons not all parents set a goal every
week. By week 2 only 63 parents set a goal by week three the number was 58 and then
for the remaining weeks about 50 parents set a goal. Over the six week intervention about
70 percent of parents set a goal for 3 or more of the 6 weeks and about 23 percent set a
goal for all six weeks. We assigned the goal of the previous week to the parent that did not
set a goal for the following week. If parents missed to set a goal for 2 weeks they are still
counted as missing. The assumption here is that parents did not change their goals much
over successive weeks. We test this by subtracting the lowest goal from the highest goal for
each parent. When we do this we find that about 40% of the parents change their goal in 30
minutes or less, and 60% changed it in an hour or less. After this imputation the number of
people reporting a goal declined form 84 in week 1 to 60 in week six.

To look at the difference between the goal and the actual amount of reading we need not
only the parent’s goal but also the actual amount of reading time. Not all parents brought
their tablet in every week so we do not have a weekly reading amount for all parents. But
while only 16.5 percent of parents checked in every one of the six weeks, 70 percent checked
in for at least 4 of the six weeks. When a parent did not check in for 2 weeks we averaged

the total number of minutes at the end of the second week over the previous two weeks. If
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a parent does not check in for 3 weeks we average the reading time over those three weeks
and so on so that everyone who participated in PACT has a reading score for every week.
Using these imputed goals and reading time, we find that the difference between the
reading goal and the actual reading time was 102 minutes for week 1. The difference then
dropped for the next 2 weeks to 81 minutes and then 74 minutes. Then for the final three
weeks the difference stayed between 63 and 64 minutes. This suggests that while parents
did set more achievable goals the goals were still se much too optimistically even in the last
week the average goal was three times the average actual amount of time the parent spent

reading to the child.

48



1.9 Figures and Tables
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Figure 1.1: Parental expectations: Change in child’s rank vs. additional time investment

How do you think your child’s reading skills would compare to
other children if you were to spend 15, 30, 45 or 60 more minutes
with her/him? (0 to 10 rank scale)
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Notes: The data represents answers to the question: “If you were to spend 15, 30,
45 or 60 more minutes per day in educational activities with your child how do
you think this would change your child’s reading skills compared to all children
of the same age across the United States (on a 0-10 scale)?”
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Figure 1.2: Frequency distribution of reading minutes by treatment status
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Note: The Figure presents the frequency distribution of reading minutes by the control group
(red/solid) and the treatment group (light blue/dashed), grouped into 10-minute intervals.
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Figure 1.3: PACT Preschool Centers in the Chicago Area

Note: Figure 1.3 presents a map of the City of Chicago with the geo-referenced preschools (de-
picted by pins). We recruited parents at these eight subsidized preschool programs in Chicago,
Illinois. The centers were selected partly because they represented the diversity of centers in
Chicago, partly because they are large, and partly because are located in areas accessible for our
research assistants. They were located throughout the city and have a racially and ethnically
diverse population as we document in the main text in our paper.
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Table 1.1: Summary statistics: Total sample, treatment and control groups

Variable Total Sample | Treatment Control Difference P-value
Mother’s characteristics

Female (%) 0.92 0.91 0.94 -0.03 0.63
Single (No Husband/Wife/Partner) (%) 0.61 0.62 0.6 0.03 0.78
Age (years) 31.13 31.55 30.71 0.96 0.39
Black or African American (%) 0.32 0.29 0.36 -0.03 0.72
Hispanic (%) 0.66 0.71 0.59 0.08 0.32
Less than high school (%) 0.28 0.25 0.3 -0.06 0.36
High school diploma (%) 0.12 0.15 0.09 0.06 0.30
GED (%) 0.06 0.1 0.01 0.09 0.10
Some college (%) 0.29 0.24 0.34 -0.10 0.10
Associate’s degree (%) 0.13 0.14 0.12 0.02 0.78
Bachelor or higher (%) 0.13 0.12 0.14 -0.02 0.97
Focal child’s characteristics

Age (years) 3.76 3.74 3.77 -0.02 0.89
Boy (%) 0.44 0.47 0.41 0.07 0.28
Born early (%) 0.16 0.20 0.13 0.08 0.07
Born late (%) 0.13 0.11 0.15 -0.04 0.46
Born on time (%) 0.7 0.69 0.72 -0.04 0.41
Less than 5 pounds at birth (%) 0.24 0.24 0.24 -0.01 0.90
Has disability (%) 0.12 0.13 0.11 0.02 0.71
Household characteristics

Number of children in the household 1.99 1.94 2.05 -0.12 0.45
Number of adults in the household 1.28 1.38 1.18 0.18 0.28
(besides parent)

Household income last year ($1,000s) 20.85 18.82 22.59 -3.42 0.31
English spoken at home (%) 0.65 0.62 0.67 -0.01 0.71
Observations 160 80 80

Notes: Of the 169 parents, 160 answered our initial survey. From those 160 parents, 151 have complete information
(i.e., non-missing values) for the set of covariates described in Table 1.1 (except family income and race and
ethnicity because these had a large number of missing data). The 18 parents with some missing information
include 10 in the treatment group and 8 in the control group.
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Table 1.2: The effect of the PACT treatment on measures of parents’ reading using the
electronic app

Dependent Variable:
(1) (2) (3)
Minutes Read Number of books Any Reading
Treatment (0) 88.32%+% 16.66%** 0.12%*
(18.79) (4.50) (0.05)
Constant («) 63.347%** 14.78%+* 0.84%**
(9.49) (3.00) (0.04)
SD Control Group 87.48 27.68 0.37
Effect Size 1.01 0.60 0.31
Observations 169 169 169

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. The table
shows results for the estimation of equation (1) using “Minutes Read”, “Number of Books” and “Any reading” as
outcomes, each of which are explained as follows. Column 1: “Minutes read” is the number of minutes parents
read to their children using the app. Column 2: “Number of books” is the number of books parents read to their
children using the app. Column 3: “Any reading” is the fraction of parents who read at all to their children
using the app. SD Control Group is the standard deviation of the control group for the respective dependent
variable. The effect size is the ratio of the coefficient for the treatment group to the standard deviation of the
control group.

Table 1.3: Treatment effects by level of patience

Dependent Variable: Reading Time
(1) (2) (3) (4)
Baseline: Participated in Less patient More patient
All PACT Parents time preference task parents parents
Treatment (0) 88.32%** 82.12%** 124 .52%** 42.26
(18.79) (24.08) (33.25) (33.95)
Constant («) 63.34*** 83.61*** 68.33*** 97.26%**
(9.49) (14.11) (12.57) (24.19)
SD Control Group 87.48 102.76 62.95 128.08
Effect Size 1.01 0.8 1.98 0.33
Observations 169 112 54 58

Notes: Robust standard errors in parentheses. Significance levels:* p < 0.10, ** p < 0.05, *** p < 0.01. The
table shows results for the estimation of equation (1) using “Minutes Read,” as the outcome, on different samples,
each of which are explained as follows. Column 1: considers all PACT parents. Column 2: considers parents
that participated in the time preference task. Column 3 and 4: considers the sample of less and more patient
parents, respectively. More patient (less patient) parents are those whose score on the time orientation task is
below (above) the median. SD Control Group is the standard deviation of the control group for the respective
dependent variable. The effect size is the ratio of the coefficient for the treatment group to the standard deviation
of the control group.
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Table 1.4: Treatment effects, excluding outliers

Dependent Variable: Reading Time

(1)

(2) (3) (4)

()

Baseline: Excludes parents who:
All PACT | read more than read more than read more than did not read
Parents 600 minutes 450 minutes 300 minutes at all
Treatment (§) | 88.32%** 86.48%+* 72.48%H* 51.30%** 83.42%%*
(18.79) (15.57) (13.74) (10.75) (19.77)
Constant («) | 63.34%%* 56.69%** 56.69%** 52.67F** 75.82%%*
(9.49) (6.85) (6.85) (5.62) (10.76)
SD Control Group 87.48 62.78 62.78 51.16 90.68
Effect Size 1.01 1.38 1.15 1.00 0.92
School Fixed Effects No No No No No
Covariates No No No No No
Observations 169 167 164 155 151

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. The table
shows results for the estimation of equation (1) using “Minutes Read”, as outcome, on different samples, each of
which are explained as follows. Column 1 includes all the total sample of 169 parents. Column 2 excludes parents
who read more than 600 minutes (1 from the control group, 1 from the treatment group). Column 3 excludes
parents who read more than 450 minutes (1 from the control group, 4 from the treatment group). Column 4
excludes parents who read more than 300 minutes (2 from the control group, 12 from the treatment group).
Column 5 excludes parents who did not read at all (14 from the control group, 4 from the treatment group). SD
Control Group is the standard deviation of the control group for the respective dependent variable. The effect
size is the ratio of the coefficient for the treatment group to the standard deviation of the control group.
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Table 1.5: The effect of the treatment on minutes read using covariates, preschool fixed
effects, and preschool clustering

Dependent Variable: Reading Time
(1) (2) (3) (4) (5)
Baseline: | Sample with +Preschool +Covariates +Preschool
All PACT complete Fixed clustering
Parents information Effects
Treatment (0) | 88.32%** 79.50%** 80.09*** 83.03*** 83.03**
(18.79) (20.00) (19.27) (21.07) (26.06)
Constant («) | 63.34%** 66.87H** 44.98%** -40.3 -40.3
(9.49) (10.25) (14.26) (89.86) (103.61)
SD Control Group 87.48 89.89 89.89 89.89 89.89
Effect Size 1.01 0.88 0.89 0.92 0.92
Complete Information No Yes Yes Yes Yes
School Fixed Effects No No Yes Yes Yes
Covariates No No No Yes Yes
Clustering No No No No Yes
Observations 169 151 151 151 151

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. The table
shows results for the estimation of equation (1) using “Minutes Read”, as outcome, using covariates, preschool
fixed effects, and preschool clustering, explained as follows. Column 1 includes all 169 parents. Columns 2-5
exclude parents with missing covariates. The covariates included in column 4 and 5 are all those listed in Table
1.2. SD Control Group is the standard deviation of the control group for the respective dependent variable. The
effect size is the ratio of the coefficient for the treatment group to the standard deviation of the control group.

Table 1.6: Survey Response

‘ Treatment Control ‘ Total ‘ % Total

All Recruited Parents 84 85 169 100%
Answered Survey 1 80 80 160 95%
Answered Survey 2 59 53 112 66%
Answered Survey 3 56 56 112 66%

Note: The first row shows the number of parents that were recruited to participate
in the PACT study, by treatment status. These correspond to all 169 parents that
signed the consent forms, participated of the orientation sessions and received the
tablet. The number of parents answering surveys 1, 2 and 3 are shown in the last
three rows, respectively.
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Table 1.7: Percent of Parents in the PACT sample and Parents of Children Entering Head
Start in 2010 with various characteristics

Head Start FACES PACT

Speaks English at home 73.7 74.4
Education

Less than HS 31.8 27.5

High school diploma or GED 35.2 17.5

Some college (including 2-year degrees) 25.3 41.9

BA or more schooling 7.8 13.1
Race/ethnicity

African American 33.0 32.1

Hispanic/Latino 36.0 65.2

Child has disability 14.1 12

The column ‘Head Start FACES’ presents statistics from national sample of parents of children in Head Start
programs on characteristics collected in the Head Start Family and Child Experiences Survey (FACES) on 2010,
the latest year for which FACES data is available. The second column exhibits mean characteristics for all the
parents participating in the PACT intervention.
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Table 1.8: Treatment effect for participants who took each of 3 surveys

Panel 1. Dependent Variable: Reading Time

(1) (2) (3) (4)
Treatment (0) | 88.32%*%*%  83.00*** 82.12%%* 88 .88***
(18.79) (19.35) (24.08) (24.71)
Constant («v) | 63.34***  66.51%%*%  83.61*** 82.81***
(9.49) (9.95) (14.11) (13.44)
SD Control Group 87.48 89.02 102.76 100.61

Effect Size 1.01 0.93 0.8 0.88
Sample All Survey 1 Survey 2 Survey 3
Observations 169 160 112 112

Panel 2. Dependent Variable: Number of Books

(1) (2) (3) (4)
Treatment (0) | 16.66*** 15.80%**  14.29%*  15.77**
(4.50) (4.69) (6.08) (6.10)
Constant («v) | 14.78%**  1557#18F  19.83%*** 19 .59%+*
(3.00) (3.17) (4.63) (4.39)
SD Control Group 27.68 28.34 33.72 32.87

Effect Size 0.6 0.56 0.42 0.48
Sample All Survey 1 Survey 2 Survey 3
Observations 169 160 112 112

Panel 3. Dependent Variable: Any Reading

1) (2) (3) (4)
Treatment (0) | 0.12%* 0.09** 0.06 0.04
(0.05) (0.04) (0.05) (0.04)
Constant («v) | 0.84%FF  Q.87***  0.91FFF  (.93%**
(0.04) (0.04) (0.04) (0.03)

SD Control Group 0.37 0.33 0.3 0.26

Effect Size 0.31 0.26 0.2 0.14
Sample All Survey 1 Survey 2 Survey 3

Observations 169 160 112 112

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Column
1: considers all 169 parents (84 in the treatment group, and 85 in the control group). Column 2: considers the 160
parents that answered survey 1 (80 in the treatment group, and 80 in the control group). Column 3: considers
the 112 parents that answered survey 2 (59 in the treatment group, and 53 in the control group). Column 4:
considers the 112 parents that answered survey 2 (56 in the treatment group, and 56 in the control group). SD
Control Group is the standard deviation of the control group for the respective dependent variable. The effect
size is the ratio of the coefficient for the treatment group to the standard deviation of the control group.
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Table 1.9: Robustness Check: Excluding Outliers

Panel 1. Dependent Variable: Reading Time

(1) (2) (3) (4)
Treatment (§) | 88.32%** 86.48%** 72.48%** 51.30%**
(18.79) (15.57) (13.74) (10.75)
Constant («) | 63.34%*** 56.69%** 56.69%** 52.67***
(9.49) (6.85) (6.85) (5.62)
SD Control Group 87.48 62.78 62.78 51.16
Effect Size 1.01 1.38 1.15 1

Excluding Parents
who read more than

- 600 minutes 450 minutes

300 minutes

Observations 169 167 164 155
Panel 2. Dependent Variable: Number of Books
(1) (2) (3) (4)
Treatment (0) | 16.66***  17.41%+* 15.25%+* 12.23%4*
(4.50) (3.19) (2.91) (2.52)
Constant («r) | 14.78%** 1217 12,1774 11.43%***
(3.00) (1.50) (1.50) (1.33)
SD Control Group 27.68 13.77 13.77 12.1
Effect Size 0.60 1.26 1.11 1.01

Excluding Parents
who read more than

- 600 minutes 450 minutes

300 minutes

Observations 169 167 164 155
Panel 3. Dependent Variable: Any Reading
(1) (2) (3) (4)
Treatment (§) | 0.12%* 0.12%* 0.12%* 0.11%*
(0.05) (0.05) (0.05) (0.05)
Constant («r) | 0.84%*** 0.83%** 0.83%** 0.83%+*
(0.04) (0.04) (0.04) (0.04)
SD Control Group 0.37 0.37 0.37 0.38
Effect Size 0.31 0.32 0.31 0.3
Excluding Parents - 600 minutes 450 minutes 300 minutes
who read more than
Observations 169 167 164 155

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Column
1: considers all 169 parents Column 2: excludes parents that read more than 600 minutes (1 from the control
group, 1 from the treatment group). Column 3: excludes parents that read more than 450 minutes (1 from the
control group, 4 from the treatment group). Column 4: excludes parents that read more than 300 minutes (2
from the control group, 12 from the treatment group). Column 5: excludes parents that did not read at all (14
from the control group, 4 from the treatment group). SD Control Group is the standard deviation of the control
group for the respective dependent variable. The effect size is the ratio of the coefficient for the treatment group

to the standard deviation of the control group.
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Table 1.10: Robustness Check: Covariates, Preschool Fixed Effects and Clustering

Panel 1. Dependent Variable: Reading Time

(1) (2) (3) (4) (5)
Treatment (4) | 88.32%**% 79.50%**  80.09*** 83.03***  83.03**
(18.79) (20.00) (19.27) (21.07) (26.06)
Constant («v) | 63.34%**  66.87*** 44 98%** 68.13 68.13
(9.49)  (10.25)  (14.26)  (101.14) (131.74)
SD Control Group 87.48 89.89 89.89 89.89 89.89

Effect Size 1.01 0.88 0.89 0.92 0.92

School Fixed Effects No No Yes Yes Yes
Covariates No No No Yes Yes
Clustering No No No No Yes
Observations 169 151 151 151 151

Panel 2. Dependent Variable: Number of Books

(1) (2) (3) (4) (5)
Treatment (6) | 16.66™** 15.32%%* 15 11%*  16.35%**  16.35*
(4.50) (4.92) (4.73) (5.30) (8.05)
Constant («) | 14.78%**  15.96***  12.05%** 16.57 16.57
(3.00) (3.28) (3.23) (27.13) (35.25)

SD Control Group 27.68 28.8 28.8 28.8 28.8
Effect Size 0.6 0.53 0.52 0.57 0.57

School Fixed Effects No No Yes Yes Yes
Covariates No No No Yes Yes
Clustering No No No No Yes
Observations 169 151 151 151 151

Panel 3. Dependent Variable: Any Reading

(1) (2) 3) (4) (5)
Treatment (6) | 0.12%* 0.10** 0.10** 0.12%%% (. 12%*
(0.05) (0.04) (0.04) (0.05) (0.04)
Constant (cr) | 0.84%%%  0.87***  0.91%F  (0.69%**  0.69%**
(0.04) (0.04) (0.05) (0.18) (0.18)

SD Control Group 0.37 0.34 0.34 0.34 0.34
Effect Size 0.31 0.3 0.31 0.36 0.36

School Fixed Effects No No Yes Yes Yes
Covariates No No No Yes Yes
Clustering No No No No Yes
Observations 169 151 151 151 151

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, ***
p < 0.01. Column 1: considers all 169 parents. Columns 2-5: excludes parents with missing
covariates. SD Control Group is the standard deviation of the control group for the respective
dependent variable. The effect size is the ratio of the coeflicient for the treatment group to the
standard deviation of the control group.
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Table 1.11: Time Preferences Sensitivity

Panel 1. T-test for participation in Survey 2 by treatment status
Variable ‘ Total Sample Treatment Control Difference P-value
Participation in Survey 2 (%) | 0.663 0.702 0.624 0.078 0.281

Panel 2. T-test for variation in Survey 2 answers by treatment status
Variable | Survey 2 Sample Treatment Control Difference P-value
Variation in Survey 0.750 0.729 0.774 -0.045 0.542
2 Answers (%)

Panel 3. T-test for More/Less Patient A by treatment status
Variable | Survey 2 Sample Treatment Control Difference P-value
More Patient A (%) 0.500 0.535 0.463 0.071 0.518

Panel 4. T-test for more/less patient B by treatment status
Variable | Survey 2 Sample Treatment Control Difference P-value
More Patient B (%) 0.482 0.492 0.472 0.019 0.836

Notes: ‘Participation in Survey 2 (%)’ refers to the fraction of parents from the original sample (N=169)
who answered Survey 2. ‘Variation in Survey 2 Answers (%)’ refers to the fraction of parents who did not
give the same answer to all questions in the time preferences task.‘More Patient A’ refers to the fraction of
parent whose time discounting (delta) parameter score is above the median. ‘More Patient B’: refers to the
fraction of parents who answered only C or only D in the time preferences task.
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Table 1.12: Time Preferences and Treatment Effects. Dependent Variable: Reading Time

(1) (2)
Baseline: All Took
PACT Parents Survey 2
Treatment (0) 88.32%* 82.12%*
(18.79) (24.08)
Constant («) 63.34%H* 83.61%H*
(9.49) (14.11)
SD Control Group 87.48 102.76
Effect Size 1.01 0.8
Observations 169 112
(3) (4) (5) (6) (7) (8)
With Time Less Patient More Patient With Time Less Patient More Patient
Preferences A Parents A Parents A Preferences B Parents B Parents B
Treatment (9) 80.33%** 139.97*** 16.44 82, 12%** 124.52%** 42.26
(30.30) (39.73) (41.81) (24.08) (33.25) (33.95)
Constant («) 01.78%** 75.36%+% 105.96*** 83.61%** 68.33%H* 97.26%**
(17.62) (14.19) (30.58) (14.11) (12.57) (24.19)
SD Control Group 112.88 62.03 143.25 102.76 62.95 128.08
Effect Size 0.71 2.26 0.11 0.8 1.98 0.33
Observations 84 42 42 112 54 58

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. With
Time Preferences A: excludes parents without variation in the time orientation task answers. Impatient (patient)
parents A are those whose score on the time orientation task is below (above) the median. With Time Preferences
B: includes parents as patient if they answered always 100% or 66% of the budget sooner. Impatient (patient)
parents A are those whose score on the time orientation task is below (above) the median. SD Control Group is
the standard deviation of the control group for the respective dependent variable. The effect size is the ratio of
the coefficient for the treatment group to the standard deviation of the control group.

Table 1.13: Number of inconsistent choices by treatment status

Number of

Group

‘ Total

Inconsistent choices | Treatment Control

0 34 27 61
1 8 9 17
2 7 6 13
3 4 4 8
4 3 4 7
5 3 3 6

Total 59 53 112

Notes: A choice is classified as consistent if it allocates the same or a
larger budget share to the future payment date as a previous choice
with a lower gross rate. As the gross rate increases, the law of demand
dictates a weakly decreasing allocation to the earlier time point.
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Table 1.14: Time Preferences and Treatment Effects for Consistent Parents. Dependent
Variable: Reading Time
(1) (2)
Baseline: All Took
PACT Parents Survey 2
& Consistent & Consistent
Treatment (0) 88.327%H* 81.74%%*
(18.79) (26.42)
Constant («) 63.34%** 90.17%**
(9.49) (15.93)
SD Control Group 87.48 108.14
Effect Size 1.01 0.76
Observations 169 99
(3) (4) (5) (6) (7) (8)
With Time Less Patient  More Patient With Time Less Patient  More Patient
Preferences A Parents A Parents A Preferences B Parents B Parents B
& Consistent & Consistent & Consistent & Consistent & Consistent & Consistent
Treatment (9) 79.66** 136.03%** 21.55 R1.74*** 121.33%** 46.87
(34.44) (45.32) (46.39) (26.42) (36.86) (36.35)
Constant («) 102.33%** 85.13*** 114.37*** 90.17*** 73.41%%* 103.06***
(20.66) (17.76) (33.09) (15.93) (15.04) (25.70)
SD Control Group 120.56 66.89 147.68 108.14 67.48 131.11
Effect Size 0.66 2.03 0.15 0.76 1.8 0.36
Observations 71 34 37 99 46 53

Notes: Robust standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. We
classified a parent to be systematically consistent if the number of inconsistent choices is less or equal to three.
This is arbitrary, but the results hold for any other cutoff. With Time Preferences A: excludes parents without
variation in the time orientation task answers. Impatient (patient) parents A are those whose score on the time
orientation task is below (above) the median. With Time Preferences B: includes parents as patient if they
answered always 100% or 66% of the budget sooner. Impatient (patient) parents A are those whose score on the
time orientation task is below (above) the median. SD Control Group is the standard deviation of the control
group for the respective dependent variable. The effect size is the ratio of the coefficient for the treatment group
to the standard deviation of the control group.
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CHAPTER 2
THE VANISHING BENEFITS OF DELAYED PRIMARY
SCHOOL ENROLLMENT

(With P. Celhay)

2.1 Introduction

Nearly all education systems have cutoff dates for school eligibility. These cutoff dates are
important because some students are older than others when they begin school. This has
been used by researchers to study the effects of school starting age. The literature has found
consistently that older students outperform younger students on in-school tests (by roughly
0.40 or higher for fourth grade or below, and 0.2¢0 for eighth grade, according to Bedard and
Dhuey (2006); Puhani and Weber (2007); Datar (2006); McEwan and Shapiro (2008); Elder
and Lubotsky (2009); Smith (2009). If this effect! is significant in early primary grades
but then dissipates over time, this phenomenon, while interesting, may not be particularly
important. On the other hand, if the effects propagate themselves through the human
capital accumulation process into later life, they may have important implications for adult
outcomes and productivity.

Due to a lack of quality data, there is less evidence on longer-term outcomes like high
school completion, transitions to post-secondary education, and earnings, which are arguably
more relevant in shaping students’ future life trajectories than test scores in elementary
school. Some exceptions are Dobkin and Ferreira (2010) for the US (California and Texas),
Black et al. (2011) for Norway and Kawaguchi (2011) for Japan.

This paper examines whether initial benefits of delayed school enrollment persist in the

1. The age at test effect and schooling effect as defined in Black et al. (2011) and McEwan and Shapiro
(2008) are indistinguishable from each other when analyzing in-school tests. We work with this restriction

for our in-school measures, and interpret the effects of delayed enrollment as the sum of these two effects as
in Smith (2009).
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long run. Like previous articles, we employ a regression discontinuity framework, exploiting
exogenous variation in age in first grade created by enrollment cutoff dates. Unlike prior
research, we carefully track students year by year as they progress through primary and
secondary school, finish high school, and transition to post-secondary education, based on
administrative student-level data from Chile. We are thus able contribute to this literature
by assessing precisely when the impact of delayed enrollment arises and its related conse-
quences. The rich nature of the data also allows us to examine not only student achievement
scores and GPA, but also other non-test-score outcomes such as attendance, on-time grade
progression, school switching, pursuing a vocational track, schooling attainment, and post-
secondary enrollment.

Our findings indicate that there are initial positive effects of a one-year delay on GPA and
test scores, which decrease monotonically as students grow older. In fact, those effects vanish
by the end high school, have little (if any) effect on national college admission test scores,
have no effect on the probability of enrollment in any higher education institution, let alone
college or in flagship selective universities. Overall, our results suggest that school-starting
age does not have significant effects on later life outcomes.

The remainder of the paper is organized as follows. Section 2.2 outlines our empirical
strategy, while Section 3.4 describes the data we use in our analysis. Section 2.4 presents

and discusses the results. Section 2.5 concludes.

2.2 Empirical Strategy

The estimation of a naive equation that relates student’ outcomes to school starting age
could in principle provide us ‘age effect’” parameters. However, unobserved factors that
affect outcomes may also drive the motivation to delay entry. Thus OLS will not identify
age effects. For example, parents who value education more might enroll their children at a
younger age. In that case, OLS would deliver downward biased estimates of school starting

age. It could also be the case that less educated parents send their children to school earlier
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since it provides free childcare. In that scenario the OLS estimate would be upward biased.

The existing cutoff dates for school eligibility in Chile generate exogenous variation in
the school starting age, which allows for the estimation of age effects on outcomes of interest.
Chile’s academic year runs from March to December. The official enrollment cutoff for first
grade is April 1, but in practice, the Ministry of Education allows schools to implement
cutoff dates as late as July 1st. That late cutoff date is actually the most commonly used
by Chilean schools. This implies that a prospective student who is not 6 years old by June
30th is supposed to delay first grade enrollment by one year.

Consider Figure 2.13 for illustrative purposes. The horizontal axis represents a time-line
for birthdays over years T and T+1. In the middle of both years, the dashed line marks the
cutoff date of July 1. The graph shows how the delayed enrollment works for three adjacent
cohorts. Children in the vicinity defined by ‘A,” were born only days apart, but those falling
on the right side delayed enrollment by one year because they just missed the cutoff date.
Therefore, those born before July 1 in year T are supposed to enroll in first grade in year
T+6, i.e. when 6 years old. Those born on or after July 1 in year T delay their entrance to
school and enroll with the next cohort, in year T+7, when they are 7 years old. Similarly,
children born before July 1 in year T+1 (and after July 1 in year T), enroll in first grade in
year in T+7 (6 years old), while those born after July 1 in year T+1 enroll in first grade in
T+8, at 7 years old. As such, these cutoffs allocate children into different, adjacent, entry
years and therefore, students have very similar birth dates but are markedly different in the
age when they start first grade.2

To estimate effects of delayed enrollment, we employ a regression discontinuity (RD)
design, where the running variable is the birth date of student i denoted by B;. We perform
our analysis in the spirit of Figure Y but considering four possible cutoff dates: the first day

of April, May, June, and July. Given that there may be imperfect compliance with the cutoff

2. In addition, the design implies that those falling in the left side of the cutoff are the youngest in their
grade, while those on the right side are the oldest.
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dates, and hence the probability of ‘treatment’ may jump by less than one at the thresholds,

we estimate a fuzzy RD relying on the following equations

Y; = Bo + B1A; + B X; + f(B;) + ¢ (1)
4
Ai=a9+ > a;Dij+asX;+ f(B;) + v (2)
=

where 7 indexes students and j indexes the four cutoff dates given by first day in April (1),
May (2), June (3), and July (4). D;; is an indicator for the student i’s birth date (B;) being
equal to or exceeding the cutoff j. Y; represents a particular student outcome such GPA,
attendance rate, persistence, tests scores, among others. Xi includes a set of predetermined
variables: gender, socioeconomic status, parental education, income, class size, rural versus
urban school, type of school (public, voucher, private), school location, etc. In practice,
these control variables have very little effect on our discontinuity estimates and serve mainly
to increase precision. We describe our vector of outcomes and covariates in detail in section
3.4.

The function f(B) captures smooth, seasonal effects of birth dates on student outcomes.
It is a smooth function of the birth date, which is the forcing variable determining delayed
enrollment. The central assumption underlying the RD design is that we have correctly
specified the function, f(B). We consider both parametric and non-parametric functions
of birth date and explore the robustness of our findings to a variety of functional form
assumptions.

We first specify a flexible parametric model by including higher order polynomials of Bi,
which are allowed to vary on either side of the discontinuities. We consider specifications
that use linear, quadratic, and cubic trends in the date of birth, as well as linear, quadratic

and cubic splines where the trends are fully interacted with D;;, as presented below.
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For our non-parametric specifications we follow Hahn et al (2001) and Porter (2003), and
estimate a local (kernel-weighted) linear regression to estimate the left and right limits of
the discontinuity. Given that we have different cutoffs, we proceed by estimating the local
regressions using different sets of data points near the respective thresholds. The different
intention-to-treat parameters are computed as the difference between the left and right limits
of these regressions at each of the birth date cutoffs. We basically estimate the following
local linear regression to the left and right of our four cutoffs, where the difference between
the two (at the respective cutoffs) is the estimated intention-to-treat effects;
N

Z K (@) (Y — Quw,z — Bw,sz‘)Q (4)

ZG{Blzﬁm} J

We estimate this in one step using a rectangular kernels.> To get the different LATEs,
we divide the I'TTs by the respective difference in treatment receipt rates for both groups
within a close neighborhood around the cutoff, defined by a bandwidth h; (which could in
principle differ for the various cutoffs). In general, choosing a bandwidth in a nonparametric
estimation involves finding an optimal balance between precision and bias. As the number of
available observations increases, it becomes possible to use an increasingly small bandwidth
since linear regressions can be estimated relatively precisely over even a small range of values
of B;.

Having data on the entire population of students allows us to pick small bandwidths
and still have a high number of observations to perform the RD analysis. This makes the

bias-variance trade-off negligible in our setup. The local nonparametric strategy substantially

3. Our results are not sensitive to the choice of kernel.
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reduces the chances of bias and it has negligible costs in terms of precision given the statistical
power we have near the thresholds. This makes the nonparametric approach preferred to
the parametric estimation procedure.

We follow Ludwig and Miller (2007) and examine our results for a range of candidate
bandwidths. Additionally, we conduct standard RD robustness checks. We test for (i) ma-
nipulation of birth timing by checking the frequency density along the lines of McCrary
(2008), and (ii) examine whether pre- treatment background characteristics vary continu-
ously around the thresholds.

As we follow students over time, our sample is naturally subject to suffer from attrition.
If the number of observations drops discontinuously at the thresholds, that may change the
composition of the remaining observations and impose a threat to the internal validity of our
results. In other words, this differential attrition may introduce differences in ability among
students born just before and just after a cutoff, which could bias our RD estimates.?

To overcome the problem of selective attrition, we present the primary and high school
completion rates for our initial population of students. These results are free of attrition
because we track the original population of 1st graders that started school at the same time
and compute for all of them a variable indicating whether they completed each level on time,
late, or dropped out.

Finally, the average effect of delayed enrollment near the birth cutoffs may hide im-
portant distributional effects. For example, the potential advantages of being older when
starting school may be larger for children from disadvantaged socioeconomic backgrounds,
whose outcomes tend to lie on the lower end of the distribution. We explore the existence
of those effects by using the methodology developed by Frandsen, Frolich, and Melly (2012)

to compute quantile treatment effects. Following their procedure, we use local distribu-

4. Following Lee and Lemieux (2010), we first test for selective attrition linked to treatment status by
examining discontinuities in the density, conditional on survival. Our census data allows us to track students
that did not advance grades timely, and therefore we observe their outcomes even if they repeat (even
twice). The Online Appendix presents the levels of attrition, the results without imputations, the results
with imputations, results performing median regressions, and results considering bounds on the outcomes.
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tion regression to estimate the marginal distributions of the potential outcomes. We then
compute the local quantile treatment effect as the difference between the inferred marginal
distributions of the potential outcomes for compliers at a particular quantile (or in other
words, as the difference between different ‘local Wald ratios’). This method allows for direct
investigation of the effect of delaying enrollment on the lower end of the distribution of our

different outcomes.

2.3 Data

We use different information sources to implement our empirical strategy. Our primary data
source is the Chilean Students’ Registry, which is an administrative dataset maintained by
the Ministry of Education that covers the complete population of students since 2002. Using
this information, we study two sets of student cohorts.

The first set is students enrolled for first-time in first grade in 2002, 2003, and 2004,
which we follow until they finish primary school in 8th grade. We augment these data with
the information from the SIMCE test administered yearly to all Chilean fourth since 2005.
This allows us to supplement the data with tests scores for language and mathematics and
with additional information collected from the parental surveys associated with the SIMCE
test. © administered to all Chilean fourth graders every year since 2005. This allows us to
supplement the data with tests scores for language and mathematics and with additional
information collected from the parental surveys associated to the SIMCE test.

To measure results as students transition from primary to secondary school, we analyze
a second set of cohorts, who were 1st graders in 1996, 1997, and 1998. We observe them
when they were 8th graders in 2003, 2004, and 2005, and follow them until they finish high

school. We supplement this data with two additional sources: (i) information coming from

5. SIMCE stands for National System of Education Quality Measurement in Spanish. The SIMCE test
consists in a battery of tests on the subjects of math and language administered to all Chilean fourth graders.
The SIMCE test is also applied with certain regularity in 8th grade and 10th grade. For more on the SIMCE
test and a calendar of its application, the interested reader can visit www.simce.cl.
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the Chilean National Admission TestS which high school graduates take at the end of their
senior year, and (ii) administrative information on higher education enrollment that allows
us to determine the probability of enrolling in any higher education institution, college, and
in a flagship selective universities.

Table 2.1 shows descriptive statistics for the three cohorts of first graders in 2002, 2003
and 2004 respectively. More than 250,000 children were enrolled each of these years. All
three cohorts share common characteristics as presented in panel A.7

The average school starting age is 6.3 years old. Students’ parents have 11.5 years of
schooling on average. About half (49%) of the children are female, and about 90% of the
students attend a school located in the same comuna of their residence. The average first
grade class size is about 32 students. Approximately 40% of the students attend schools
located in the Metropolitan Region (the national capital), and more than 13% of them are
in rural areas. In addition, almost half of the students go to public schools, more than 40% go
to voucher schools and less than 8% of them attend private schools. All these predetermined
variables are smoothly distributed across the thresholds as presented and described in Section
2.4.

Panel B of Table 1 exhibits a set of academic outcomes for the first graders. It shows
that that more than 95% of them continue 2nd grade; have an average annual attendance
rate of approximately 92%; and a GPA of 61 on a 10-70 scale, where 40 is needed to pass.
Table 2 presents descriptive statistics for the students’ outcomes as they progress through
primary school. Persistence and attendance rates, and the standardized GPAs are computed
considering all students who were part of the respective grade. Persistence rates are fairly

stable across cohorts and years. Attendance rates fluctuate a little, with a tendency to

6. This test, known as the PSU (Prueba de Seleccién Universitaria) is a national exam taken at the end
of senior year. This test is mandatory for admission to the most important universities and also required by
many private universities and professional institutes for admission. For many Chilean universities, the PSU
score combined with GPA are the sole determinants of admission.

7. We work with a raw data set in which we drop observations with invalid identification codes and
observations for which we do not have the date of birth. The percentage of observations we lose is around

2%-3%.
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increase towards the middle of primary school and then decline towards the ends. GPAs,
standardized within school for each grade, increase over time as grade repeaters are left
behind year by year (note that their grades are used to compute the GPA within schools).
The standardized test scores taken as part of the SIMCE evaluation are also presented in
the table. Finally, we include dummies indicating whether students finished 8th grade on
time (8 years), late (within 10 years), or dropped out (which can not be disentangling from
those who completed 8th grade in more than 10 years, but we expect that to be a very small
fraction of the total). About 75% of the students who started school in 2002, 2003, and 2004
finished on time, 17% finished late, and 8% dropped out.

Figure 2.1 is the empirical representation of Figure X. It graphs first grade enrollment
age against birth date for our first set of cohorts. The dots show age means within birthday
cells and reveal sharp increases in enrollment age on the first days of April, May, June, and
July. As indicated before, the July 1 threshold is revealed to be the most common one. The
solid line plots fit values from local linear regressions for first grade enrollment age on both

sides of the birth date cutoff.

2.4 Results

Our findings indicate that there are initial, important, positive effects of a one-year delay on
GPA. In first grade the intention-to-treat (ITT) estimate is about 0.3 sd. In 4th grade, the
intention-to-treat estimate is about 0.2 sd, a result that is also seen in national standardized
test scores, also included in Figure 5. Results decrease monotonically as students age. In
fact, those effects vanish by the end high school, as shown in Figure 7. Figures 8 and 9 show
results for attendance rates. The intention-to-treat estimate appears again to be important
in 1st and, though decreasing, in 2nd grade. However, this effect disappears again and this
time more rapidly; in 3rd grade there are not any effects, and they don’t appear again later
on (there seems to be some cohort effects though but of small magnitude).

The effects on persistence are exhibited in Figures 10 and 11. The ITTs follow a pattern
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that resembles that of GPA. There are effects in early grades that tend to stabilize in older
grades and vanish in high school. Once they start high school, Chilean students can choose
between pursuing vocational and academic education. The vocational track consists of a
curricular program designed to prepare students for work, whereas academic education is
designed to prepare students for tertiary education. Lower socioeconomic status students
tend to pursue the vocational track as documented by Farias (2013) among others. When
analyzing differences in pursuing a vocational track in high school, as illustrated by Figure
12, the previously described tendency persists; there are no differences near the birth date
cutoffs.

Figure 13 presents the differences in schooling attainment. The first two graphs exhibit
the probability of completing primary school on time (within 8 years) and with a delay of up
to 2 years (e.g. within 10 years). The first thing to note is that there is not any differences
in primary school attainment by birth date, which can be seen by the offsetting nature of
both graphs. The fraction of children not finishing or taking more than 10 years to do so
is so tiny that it is not presented here. The second takeaway is that delayed enrollment
matters for timely primary school completion. Students to the right of the cutoff (i.e. those
who delayed enrollment) have a higher likelihood of finishing on time (of about 5 percentage
points, the ITT). A similar phenomenon is depicted in the three next graphs for high school
completion, but again, magnitudes remain much smaller.

Finally, outcomes related to the transition to postsecondary education are included in
Figure 14. The graphs suggest that there is an effect of delayed enrollment on taking the
PSU test on time. This effect is offset by students taking the PSU late (up to two years
later), which is consistent with the result found for high school completion described above.
Similarly, there are effects in PSU scores (math) if taken on time, but again this is offset
when we consider those who take it late. The probability of higher education enrollment
does not vary significantly near the thresholds, which suggests that there are no effects on

the probability of enrolling in a selective university or in flagship elite institutions.
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Quantile Treatment Effects. We estimated the local treatment effects of delaying en-
rollment on grades in first grade, on test scores in fourth grade, and on the likelihoods of
completing primary school, high school, taking the PSU test, the probability of enrolling
in any higher education institution, probability of college enrollment, and probability of en-
rolling in flagship selective universities. The estimated local quantile treatment effects are
plotted in Figure Z. The figure shows the point estimates for each quantile index, as well
as pointwise (in the quantile index) 90% confidence intervals based on the asymptotic dis-
tribution. We find that the effects of delayed enrollment are higher for the lower end of the
distribution of grades and test scores, but that it tends to become constant across quantiles

as students age.

2.4.1 Robustness Checks

The main identifying assumption behind our strategy is that there are no other changes
occurring at the birth date thresholds that could confound our analysis. We test for these
differences by regressing a host of different covariates on the different cutoff dates for school
eligibility and a smooth function of our running variable birthday. The results of these re-
gressions are presented in Table X. The reported coefficients are for the variable ‘Delayed,’
defined as 1 for children who delayed enrollment. The coefficients indicate that gender,
parental education, household income, class size, residence location (comuna), school vul-
nerability index, school location (comuna), rural versus urban area, and school type all evolve
smoothly through the birth date threshold. This holds for different local-linear bandwidths
and polynomial functions of day of birth.

Figure Z provides a visual check of these results by showing how the same set of covariates
behave when plotted against birth date. The dots plot the mean of each variable within
birthday bins, and the solid line plots fitted values from local linear regressions on both sides
of the birth date cutoff. The graphs confirm that different observed characteristics display

a smooth behavior along the time-line, which suggests that unobserved characteristics may
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display a similar behavior.

We further test for differences in unobserved characteristics by examining whether there
is manipulation of birth dates near the cutoffs. For example, it could be the case that more
motivated parents planned the timing of their children’s birth in order for them to be older
when enrolling in primary school. We employ McCrary’s (2008) density test to examine the
existence of sorting in the vicinity of birth date threshold. The test indicates that X gives
the discontinuity estimate with associated standard errors of Y (and hence non-significant).
Figure W presents a graphical illustration of this test, which shows that the density varies
continuously over birth-dates with no significant discontinuity around the threshold.

Finally, we verified that our estimates are generally robust when using a broader set of
bandwidth choices. Online Appendix Tables A and B present local linear regressions with

bandwidths of 30, 15, 7, and even 1 day below and above the birthdate cutoffs.

2.5 Conclusions

This paper examines whether initial benefits of delayed school enrollment persist in the long
run. We exploit exogenous variation in the first grade enrollment age created by Chile’s
enrollment cutoff dates and follow students until they finish high school, take the national
admission test and transition to post-secondary education. All these outcomes are more
relevant in shaping the students’ future life trajectories than are scores in elementary school.

The rich nature of our data allows us to examine not only student achievement scores
and GPA, but also other outcomes such as attendance, persistence, pursuing a vocational
track, attainment, and postsecondary enrollment. Regression-discontinuity estimates, based
on birth dates cutoffs, show that there are initial positive effects of a one-year delay on GPA,
test scores, attendance, and persistence, that decrease monotonically as students grow older.
Those effects vanish by the end high school, have little (if any) effect on the PSU test, have
no effect on the probability of enrollment in any higher education institution, probability of

college enrollment, and probability of enrollment in flagship selective universities. Overall,
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our results suggest that school starting age does not have significant effects on the outcomes
of young adults.

These findings indicate that delaying the school starting age does not have significant
effects on the outcomes of young adults; and therefore, provide evidence against the coun-

terintuitive conclusion that children should start school later.
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Table 2.1: First graders 2002-2003-2004

Cohort
Ist Grade 2002 1st Grade 2003 1st Grade 2004

Observations 259,155 254,763 253,647
Age 6.275 6.282 6.292
Female (%) 0.489 0.488 0.488
Vulnerability Index 27.981 27.870 27.173
Class size 32.039 31.743 31.879
School in Capital Region (%) 0.383 0.388 0.390
Rural School (%) 0.136 0.134 0.131
Public School (%) 0.512 0.492 0.482
Voucher School (%) 0.416 0.429 0.435
Private School (%) 0.072 0.079 0.077
Same Comuna School-Residence (%) 0.908 0.906 0.866
Outcomes (1st Grade)

Persist 1st grade (%) 0.973 0.952 0.949
Repeat 1 ist grade (%) 0.015 0.035 0.038
Retired 1st grade (%) 0.012 0.013 0.013
Attendance 1st grade 92.793 92.681 92.450
GPA 1st grade 61.330 61.033 60.897

Notes: Table 2.1 shows descriptive statistics for the three cohorts of first graders in 2002, 2003 and 2004
respectively. More than 250,000 children were enrolled each of these years. We work with a raw data set in
which we drop observations with invalid identification codes and observations for which we do not have the
date of birth. The percentage of observations we lose is around 2%-3%.
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Figure 2.1: 1st graders 2002-2003-2004: Enrollment Age

First grade enroliment age vs Birth Date
Assignment Graph

First grade enrolliment age
6.3 6.5 6.7
1

6.1

5.9
1

4/15M1 6171 4/15/16M17M1
Date of Birth

Notes: Figure 2.1 graphs first grade enrollment age against birth date for
our first set of cohorts. The dots show age means within birthday cells and
reveal sharp increases in enrollment age on the first days of April, May, June,
and July. As indicated before, the July 1 threshold is revealed to be the most
common one. The solid line plots fit values from local linear regressions for
first grade enrollment age on both sides of the birth date cutoff.
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Figure 2.2: First Graders: Covariates Near Thresholds

Female (%) vs Birth Date Vulnerability Index vs Birth Date
Smoothing Graph Smoothing Graph
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Notes: This Figures show how covariates behave when plotted against birth date. The dots plot the mean of
each variable within birthday bins, and the solid line plots fitted values from local linear regressions on both
sides of the birth date cutoff. The graphs confirm that different observed characteristics display a smooth
behavior along the time-line.
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Table 2.2: Following First graders 2002-2003-2004 until 8th grade

Cohort
Outcomes 1st Grade 2002 1st Grade 2003 1st Grade 2004
Persistence
1st grade 0.973 0.952 0.949
2nd grade 0.953 0.967 0.966
3rd grade 0.971 0.974 0.970
4th grade 0.976 0.976 0.977
5th grade 0.966 0.966 0.965
6th grade 0.965 0.965 0.968
Tth grade 0.954 0.964 0.956
8th grade 0.976 0.975 0.968
Attendance
1st grade 92.793 92.681 92.450
2nd grade 93.754 93.939 93.600
3rd grade 94.242 94.008 93.909
4th grade 94.224 94.166 94.091
5th grade 94.091 94.040 93.463
6th grade 94.159 93.649 93.305
7th grade 93.415 93.180 93.575
8th grade 93.092 93.489 92.054
Standardized GPA
1st grade 0.008 0.010 0.020
2nd grade 0.051 0.062 0.061
3rd grade 0.071 0.081 0.082
4th grade 0.087 0.094 0.097
5th grade 0.119 0.125 0.127
6th grade 0.139 0.145 0.150
7th grade 0.151 0.160 0.154
8th grade 0.142 0.149 0.139
SIMCE (4th Grade)
Math test score 0.080 0.095 0.096
Language test score 0.081 0.087 0.088
Mother’s schooling 11.200 11.462 11.543
Father’s Schooling 11.279 11.571 11.618
Household income 0.793 0.759 0.741
Attainment (8th Grade)
On time 0.753 0.757 0.742
Late 0.164 0.161 0.176
Drops out 0.083 0.082 0.081

82

Notes: This Table presents descriptive statistics for the students’ outcomes as they progress through primary
school. Persistence and attendance rates, and the standardized GPAs are computed considering all students who
were part of the respective grade.The standardized test scores taken as part of the SIMCE evaluation are also
presented in the table, as well as dummies indicating whether students finished 8th grade on time (8 years), late
(within 10 years), or dropped out.



Figure 2.3: Outcomes during Primary School (1th to 4th grade): Std. GPA & Std. Test
Scores

Std. GPA in grade 1 vs Birth Date Std. GPA in grade 2 vs Birth Date
QOutcome Graph QOutcome Graph
] @ |
o~ - o
- o~
5 = =4
< <
[=] [=] Lo
£ o | £ | &
< 0 <
: o : 5
37 Yk I g7 "
X
o o o~
o L
Std. GPA in grade 3 vs Birth Date Std. GPA in grade 4 vs Birth Date
Qutcome Graph Qutcome Graph
e
o
© <+
S =1 5
< <
[=] [=]
£ o £
< <
o o
(O] (O]
Z T =
(2] (2]
o o
o L
Std. Math test (SIMCE) vs Birth Date Std. Language test (SIMCE) vs Birth Date
Qutcome Graph Qutcome Graph
o |
o 4
. 5
S s
= " o)
o B
] e
2 o+ 3
£ g
= - §
o -
o S
o 0
©
411501 611711 41151 61711 411501 611711 41151 61711
Date of Birth Date of Birth

Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.4: Outcomes during Primary School (5th to 8th grade): Std. GPA

Std. GPA in grade 5 vs Birth Date Std. GPA in grade 6 vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.5: Outcomes during High School (until 12th grade): Std. GPA

Std. GPA in 9 grade vs Birth Date Std. GPA in 10 grade vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.6: Outcomes during Primary School (1st to 8th grade): Attendance

% of attendance in grade 1 vs Birth Date % of attendance in grade 2 vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.7: Outcomes during High School (until 12th grade): Attendance

Attendance 9th Grade vs Birth Date Attendance 10th Grade vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.

87



Figure 2.8: Outcomes during Primary School (1st to 8th grade): Persistence

% of peristence in grade 1 vs Birth Date % of peristence in grade 2 vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.9: Outcomes during High School (until 12th grade): Persistence

Persistence 9th Grade vs Birth Date Persistence 10th Grade vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.10: Outcomes during High School (until 12th grade): Vocational Track

Vocational Track 9th Grade vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.11: Attainment: Primary School and High School

% Complete prim. sch. on-time vs Birth Date % Complete prim. sch. ever vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.12: Transition to Postsecondary Education

(a) Admission Test Take-up (timely) (b) PSU Z-Score (Math)
takes_psu vs Birth Date z_math_score vs Birth Date
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Notes: This Figures show how the respective outcomes behave when plotted against birth date. The dots
plot the mean of each variable within birthday bins, and the solid line plots fitted values from local linear
regressions on both sides of the birth date cutoff.
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Figure 2.13: First Grade Enrollment Cutoffs
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Notes: The Figure shows how the delayed enrollment works for three adjacent cohorts. The horizontal axis
represents a time-line for birthdays over years T and T+1. In the middle of both years, the dashed line
marks the cutoff date of July 1. Children in the vicinity defined by ‘A,” were born only days apart, but those
falling on the right side delayed enrollment by one year because they just missed the cutoff date. Therefore,
those born before July 1 in year T are supposed to enroll in first grade in year T+6, i.e. when 6 years old.
Those born on or after July 1 in year T delay their entrance to school and enroll with the next cohort, in
year T+7, when they are 7 years old.

Figure 2.14: Enrollment Age in First Grade

1.25

o
| | | |

T T T T
5 5.67 5.92 6.67 6.92 8
Age of Enroliment

Notes: The Figure shows the age of enrollment histogram. If all schools applied the July 1 cutoff, then ages
5.67 (first vertical line) to 6.67 (third vertical line) would be the common enrollment age interval in first
grade. If April 1 cutoff is used then the interval would be between 5.92 (second vertical line) and 6.92 (fourth
vertical line).
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Figure 2.15: Birth Timing
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Notes: We employ McCrary’s (2008) density test to examine the existence of sorting in the vicinity of birth

date threshold. This Figure presents a graphical illustration of this test, which shows that the density varies
continuously over birth-dates with no significant discontinuity around the threshold.
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CHAPTER 3
RESCUING LOW-INCOME, HIGH ABILITY STUDENTS:
UNIVERSITY ACCESS, VALIDITY AND MISMATCH

3.1 Introduction

In many countries, university admissions mainly depend on high-stakes tests under the as-
sumption that their scores provide an adequate measure of post-secondary promise. Assess-
ing whether admission factors accurately predict future success remains a challenging task as
the performance of those who were not admitted is missing from the data (Rothstein 2004).
Moreover, test scores are typically highly correlated with socioeconomic status (Zwick and
Green 2007), particularly in less developed countries, and do not adequately capture skills
that predict success in life (Heckman and Kautz 2012). Taken together, these results suggest
that test-score-based admissions may perpetuate education and income immobility by re-
jecting applicants — principally low-income students — who would have otherwise succeeded
academically, despite lower test scores.

This paper evaluates whether admission standards screen out highly able but low so-
cioeconomic status applicants, and whether admission policies could ‘rescue’ this sort of
prospective student. To do so, I use information from an affirmative action (AA) policy
implemented in Chile targeting top students from low-income households with scores below
admission cutoffs. One of the major advantages in using the Chilean score-based data is that
it provides the complete information used in determining the applicants’ admission, which I
use to explicitly address key questions regarding effects on access and academic outcomes.

As opposed to its typical use, the term ‘affirmative action’ in this context is not based

on race or ethnicity, but on socioeconomic status (SES).! In the Chilean nationwide and

1. Race-based AA policies are diminishing in the U.S. and alternatives based on income or high school
rank are being proposed. See e.g., the Supreme Court’s decision in Fisher v. University of Texas (2013),
Antonovics and Backes (2014), and Blume and Long (2014). For alternative AA policies, see Cashin (2014),
Kahlenberg (2014), White House (2014) and Long (2015). The Chilean case provides an opportunity to
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centralized admission system, prospective students apply upon entry to a set of specific
university-major combinations at flagship institutions? with their high school GPA and ad-
mission exam scores. The system places great value on these scores (~ 80%), which are
strongly correlated with SES (OECD 2010). Thus, economically disadvantaged students
may not get admission even after earning the highest GPA at their high schools. The AA
policy gave extra slots in admissions to low-income applicants who were among the best stu-
dents (top 5% of GPA) from their high schools but whose test scores were not high enough
to guarantee admission into flagship universities.

I gathered rich administrative records from different sources following students from their
high-school years through their final years at university. In particular, I use information
on the individuals’ high school GPA, high school characteristics, admission exam scores,
preferences for university-major combinations, demographics, first year GPA and higher
education enrollment.

I examine whether the admission system would have rejected students with good academic
futures by comparing differences in a host of academic outcomes - first year GPA, dropout
rates and year-to-year persistence— between the AA beneficiaries and the group of regularly
enrolled students that would have been displaced by them had the policy not consisted
in extra slots. This analysis contributes to the wvalidity literature (Rothstein 2004), that
attempts to predict the performance of students based on admission factors and it is policy
relevant for university officers in optimizing their admission schemes. Students with scores
below the major cutoff are denied enrollment under the assumption that if admitted, they
would perform worse than those above the threshold. Typically this statement is not testable,
but the AA policy design allows to do so. The results show that, despite their lower scores AA

students perform on average at least as well as the pool of regularly enrolled students in the

evaluate an AA policy designed in this latter spirit, to some extent resembling the ‘percent plans’ implemented
in the U.S., but including a SES component.

2. The 25 flagship universities, also known as ‘traditional universities,’ represent the core set of universities
in Chile. Historically, they have represented the largest percentage of the country’s university enrollment.
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same majors. Moreover, when comparing students closer to the admissions cutoff, I find that
AA students attain sizable higher persistence rates than regularly enrolled students. This
latter differential increased from 6 points during their freshman year, to up to 10 percentage
points in their senior year.

These results contradict the score-based admission system prediction explicitly stated in
the admissions official documents (DEMRE 2008). One explanation is that student ability
is multidimensional and test scores measure only some dimensions of skills. Following a
growing literature relating different set of skills and adult outcomes such as educational
attainment (Heckman, Stixrud, and Urzua 2006; Almlund et al. 2011; and Heckman and
Kautz 2012, 2014a, 2014b) I estimate a factor model using test scores and additional non-
test-score measures of skill that reflect behaviors that go beyond pure cognition, like showing
up for class (Kautz and Zanoni 2015). I find that AA students have higher non-test-score
skills than their regularly enrolled peers. However, AA students have lower test-score skills,
lower parental schooling and also attended lower quality high-schools. Once controlling for
the non-test-score skill factor in estimating university persistence, the advantage favoring
AA students vanishes. This evidence suggest that AA students are equipped with a set of
skills not measured by test scores that compensate for their socioeconomic and high-school
quality disadvantages, and enable them to outperform their peers in their same majors.

Another important dimension of the policy is how it affected students at the individual
level. T ask two counterfactual questions on this respect. The first is how the policy affected
enrollment® and the majors at which students ended up, if any. The second is how AA-
eligible students perform in more selective majors compared to how they would have fared
in less selective majors in absence of the policy, conditional on enrollment.

Regarding the first question, I find that two out of three eligible applicants took advantage

3. Most of the previous work on this area in the U.S. studies minority enrollment rates after an affirmative
action ban has passed, as has been the case in many states (see Long and Tienda (2008), Hinrichs (2012)
and Backes (2012), to name a few). See Kapor (2015) and Arcidiacono and Lovenheim (2015) for excellent
surveys on this topic in the U.S.
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of the policy. As a result of this take-up, nearly five hundred students —who would have
been otherwise rejected by their preferred university-major combination— enrolled. T use
their preferences for university-major pairs to identify which would have been their next-
best alternative in the absence of the policy. Recent work by Kirkeboen, Leuven, and
Mogstad (2014) highlights the importance of next-best alternatives to understand the effect
of a policy that changes the applicant’s field of study. Daugherty, Martorell and McFarlin
(2014) found that a similar policy implemented in Texas simply re-sorted students among
similar-quality institutions. However, my enrollment counterfactuals indicate that 84% of
the beneficiaries enrolled in more selective majors, with higher expected wages and at more
prestigious universities than they would have been able to without the policy.4 Besides this
‘intensive margin’ effect, I also document that the policy had an ‘extensive margin’ effect
for the remaining 16% of beneficiaries that would not have been admitted to any major at
flagship universities had the policy not existed.

In addressing the second question I assess a version of the mismatch hypothesis (Sander
2004, and Sander and Taylor 2012) that states that AA-eligible would have fared better in
other — less selective — majors. Using a regression discontinuity on the class rank condition, I
find that eligible AA students would not have attained significantly higher persistence rates
in less selective majors. This result is in line with the findings by papers that used similar
discontinuity methods for the Texas case, like Niu and Tienda (2010), Fletcher and Mayer
(2013), Daugherty, et al. (2014) and for Israel (Alon and Malamud 2014).

In sum, the empirical findings show that the AA policy contributed to equity by in-
troducing low-income students to school-major combinations that would otherwise have re-

jected them.® Moreover, AA students exhibit good academic performance relative to their

4. T interpret this result as an indicator that AA students enroll in higher quality university-major com-
binations, and not necessarily as higher economic returns. I can not estimate these returns because wages
for the cohort under analysis are not available yet. Hastings, Neilson and Zimmerman (2013) and Reyes,
Rodriguez and Urzua (2013) examined economic returns for older cohorts in Chile. Even though both articles
find that returns are heterogeneous, they estimate large, positive returns to the more selective university-
majors combinations.

5. Hoxby and Avery (2013) show that in the U.S. those who are economically disadvantaged choose
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peers, which indicates that the policy increased the efficiency of the system. This set of
results suggests that the university admission systems could be improved by considering
additional measures of skills using administrative data that are readily available from high-
school records. Overall, there may be an opportunity to move forward on both equity and
efficiency in higher education admissions.

The remainder of the paper is organized as follows. Section 3.2 provides background
on the Chilean educational system and the special admission program. Section 3.3 outlines
my empirical strategy, while Section 3.4 describes the data used. Section 3.5 presents and

discusses the results. Section 3.6 concludes.

3.2 Background

3.2.1 The Chilean Context

Access to higher education in Chile has greatly expanded over the past 25 years. The
number of students enrolled in postsecondary institutions has increased five fold, from less
than 250,000 in 1990 to 1.2 million in 2014 (Mineduc 2014). This amount represents 7% of
the total population (17 million), which is particularly high considering other Latin American
countries (Unesco-OECD 2010) and is similar in magnitude to the U.S.6

However, despite progress in making higher education more accessible, challenges still
remain. The country displays a high correlation between international large scale assess-

ments’ and socioeconomic status comparatively speaking. The variance of the Program for

colleges at the bottom of the quality distribution even though they would have been a better match for a
school in the middle of the quality distribution. In the context of this paper, it seems that the admission
system itself drives poorer university choices for the particular set of AA students.

6. As a benchmark, between 1991 and 2011 enrollment in U.S. degree-granting institutions increased
from 14.3 million to 21.0 million (US Department of Education 2013), which represents 7% of the overall
population. Besides the increasing enrollment in higher education Chile has also reached almost universal
levels of educational coverage in primary (99%) and secondary school (92%), again well above Latin American
countries (Unesco-OECD 2010).

7. According to PISA results (OECD 2009, 2012), Chile ranks among the best in Latin America. However,
results are not as good when compared with other countries with similar GDP per capita. Chile stands below
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International Student Assessment (PISA) scores explained by SES background was greater
in Chile than any other Organization for Economic Cooperation and Development (OECD)
member countries in 2010 (OECD 2010), except for Hungary. This strong correlation also
appears when considering test scores from the national standardized examinations applied
during primary and secondary school according to reports by the OECD and The World
Bank (2009).

Regarding university enrollment, most of its increase has been due to the creation of pri-
vate non-selective and mid-to-low quality universities, typically serving low-income students.
Access to flagship universities, which are supported financially by the state and include the
country’s most selective and prestigious institutions, has increased at a much lower rate and
remains characterized by persistent socioeconomic influence. Applicants from poorer house-
holds are less likely to achieve the high admission exam scores that give access to the best
universities and therefore matriculate at much lower rates than do higher-income students
(OECD and The World Bank 2009).

From the perspective of the admission system efficiency, the correlation between test
scores and student socioeconomic status would not be a problem as long as it does not
overlook prospective students with high academic potential. However, international reports
(ETS 2005, Pearson 2013) evaluating the PSU scores have found prediction validity indices
smaller than those reported internationally (Kobrin et al. 2008). Hence, the admission
system faces a double challenge. On the one hand it confronts an equity challenge given
the nature of the socioeconomic influence described above. On the other hand there is
an efficiency challenge; the admission system does not want to reject students with good

academic projections.

countries like Poland, Croatia, Lithuania and Turkey (PISA 2012).
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3.2.2  The University Admission System

After graduating from high school, prospective students take a national admission test
(Prueba de Seleccion Universitaria or PSU), similar to the SAT in the U.S. Test takers
complete exams in mathematics and language, whose scores are standardized to have a
mean of 500 points and a standard deviation of 110. As in most of the OECD countries
(Kirkeboen, Leuven and Mogstad 2014), Chilean students choose a specific major upon en-
try, which differs from other systems in which the choice is made later in college (like in
the U.S.).8 Prospective students apply to up to eight university-major combinations ranked
based on personal preference, via a centralized process. To simplify language, from now on I
will call the university-major combination just ‘major’ unless otherwise noted. The students’
application score for each preference is a major-specific weighted average of their PSU test
scores (~ 80%) and their high school GPA (~ 20%). This score is assumed to predict a
student’s academic performance during her university studies as explicitly declared in the
admissions official documents (DEMRE 2008). The allocation process ranks all the students
applying to any given major using their respective scores.

This process mimics a deferred acceptance algorithm (as described in Abdulkadiroglu,
Angrist and Pathak 2014), in which students apply to their first choice in the first round,
and each major rejects the students with lowest application score in excess of its capacity.
In the next round (r), students rejected in the previous round (r-1) apply to their next most
preferred major (if any). Each major considers these students and provisionally admitted
students from the previous round combined, again rejecting the lowest-scoring students in
excess of capacity and producing a new provisional admit list. This procedure defines a
score cutoff for each major. The algorithm ends when either every student is matched to
one major or every major has rejected every unmatched student. If a student is matched

into more than one program, she is placed in her highest preference and is eliminated from

8. The university system in Chile is organized around a structured major (i.e. engineering, medicine,
business etc.), with a strong core curriculum. Students have very little opportunity to switch from one
curriculum to another as opposed to common practice in the U.S., where there is much more flexibility.
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all other rankings. Hence there are no incentives to place less preferred majors before more
preferred ones and it is optimal to reveal the true preferences for majors (Bordon and Fu
2015).9

In practice, applicants receive the admission results containing their application and
cutoff scores (unknown at the moment of application) for each of their listed preferences. If
student i’s application score was lower than the cutoff score for his preference m, then he was
rejected by major m. If his application score was higher than (or just at) the cutoff score for
majors j, k, and [, and j was his preferred option, he was offered admission to major j, and
rejected by majors £ and [. With this information on hand, applicants then decide whether

to enroll or not.

3.2.3 The Affirmative Action Policy

The Affirmative Action policy was implemented for the first time in 2007. The spirit of
this policy was to give an edge in admissions to applicants who were top students in their
high school and came from disadvantaged SES backgrounds. The rationale behind it relied
in a corrective argument (Sandel 2009), rather than on an efficiency motive. Policy makers
argued that low-income individuals that are top students at their respective lower-quality
high schools are at an educational disadvantage when competing with higher SES students
for spots at flagship universities. The implementation of the AA policy was therefore mainly
10

perceived as a matter of fairness.

The universities offered extra spots!! to prospective students ranked in the top 5% of

9. As described in Kirkeboen, Leuven and Mogstad (2014), the truncation of the application list to a
limited number of choices may threaten this statement if individuals use their last preference as a safe
option. If that were the case, an important fraction of applicants should be admitted to their 8th choice.
However, the data indicates that less than 0.6% of all applicants were admitted to the their 8th preference.

10. This policy originated in the context of large student movements in 2006. Under the pressure of the
students’ unions, the Ministry of Education and the flagship universities’ Deans implemented the affirmative
action policy I evaluate in this paper. Even though it represented a fairly moderate innovation, this was the
first modification made to an otherwise unaltered university admission system since the 1960s. See Donoso
(2013) for more details on the 2006 students’ protests.

11. Like a similar AA policy implemented in Israel (see Alon and Malamud 2014), departments within
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their high-school GPA who satisfied the following conditions: (i) graduated from publicly
funded schools!?; (ii) belonged to the first four national quintiles of household income; and
(iii) had an application score below the cutoff score of their major of preference (on a 5%
band). The income eligibility condition (ii) does not appear to be very restrictive, but it is
coherent with the highly unequal income distribution in Chile,!? mainly driven by its upper
tail. In terms of household income, the annual average (in 2011 U.S. dollars) for the first
quintile was about $4K; for the 2nd quintile, $8K; for the 3rd quintile $12K; for the 4th
quintile, $18K; and notably for the 5th quintile, $51K. As I describe in the data section, AA
beneficiaries come from households with significantly lower income than regularly admitted
students.

The Ministry of Education handles all the information needed to determine the eligibility
conditions (i) and (ii); they receive the data on high school GPA directly from high-schools,
and the income data from the IRS. The borderline condition (iii) was imposed by the univer-
sity officers, who did not want to admit seriously under prepared applicants. Therefore, they
restricted eligibility to students that were only marginally rejected by the regular selection
system. Suppose for example that the engineering cutoff score at university U was 700 points;
then all those applicants who fulfilled the first two conditions and had an application score
between 665.0 and 699.9 (the 5% band) could enroll using the AA policy. In practice, eligible
applicants received the same admission results as the rest non-eligible students, consisting
in their major-specific application scores with the respective cutoff scores. However, the AA
eligible applicants also got an indication of which of their preferences offered them admission
thanks to the policy. Therefore, the policy enlarged the choice set for eligible applicants.

They could enroll either (i) using the AA policy, or (ii) through the regular admission, or

universities placed a cap on the number of entering students. As in Israel, I find that in the Chilean setup
this restriction is not binding.

12. A 92% from all high-school graduates studied at publicly funded schools.

13. Only 8% of the population in the first four quintiles has a university degree, while 40% of the fifth
quintile do (CASEN 2011).
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they could opt out. Beneficiaries of the policy would not have been admitted to the major

of preference had the policy not existed.

3.3 Empirical Strategy

3.3.1 Institutions’ Perspective: a ‘Validity’ Hypothesis

The Chilean admission system is explicitly built on the premise that students with applica-
tion scores above the major’s cutoff would perform better than those below that threshold
(DEMRE 2008). This rationale justifies that those below the cutoff are denied enrollment.
Following Rothstein (2004) the assessment of student i in major j by the university officer
may be written as

EY;i*|Zi;] = Bo + B17ij

where Y;;* represents a latent measure of academic success and Z;; corresponds to the
application score of individual i to major j. The problem confronted in the validity literature
is that the performance of those who were not admitted is missing from the data, i.e., ¥;;*
remains unobserved for students with an application score below the major j cutoff Kj.
However, given the design of the AA policy I do observe Y;;*|Z;; < K for the set of AA
beneficiary students.

Using equation (1) I compare mean differences in a host of academic outcomes - first
year GPA, dropout rates and year-to-year persistence— between the AA beneficiaries and
the group of regularly enrolled students that would have been displaced had the policy not
consisted in extra slots. D; equals one for beneficiaries and zero for the regularly enrolled
students that would have been displaced by the beneficiaries. For illustrative purposes,
imagine that six students enrolled using the AA policy in the major J. The potentially
displaced students in this case correspond to the six individuals with the lowest application
score that enrolled in major J, who I can identify from the individual data on applications

and admissions. I will test v, < 0, i.e., whether beneficiaries perform worse than their
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higher-scoring peers on average.

Mean Difference: Yij = Bm +ymDj + €5 (1)

Difference at the Cutoft: Yij = Be+7eDi + f(Zij — Kj) + €5 (2)

This analysis is particularly policy relevant because it tells the university officers how the AA
enrollees perform compared to the students that would have been denied access because of
the policy. University officers were concerned about the quality of their majors because the
policy was introducing students with lower application scores than regularly. This exercise
is then a counterfactual analysis at the major level; without the policy, beneficiaries would
have been rejected but with the policy they enrolled.

The admission score Z may be valid so long as some target outcome is declining (perhaps
smoothly) as scores decline. I'm also going to test a version of equation (1) where D; =
1 [Zij - K; < 0] allowing for all regularly enrolled students to be part of the analysis. This
exercise informs whether the admission score predicts performance and to what extent that
prediction is different for beneficiaries and regularly admitted students.

To complete this analysis I will also estimate equation (2) where f(Z;; — K;) is a smooth
function of the application score, normalized so that the cutoff point equals zero for all
majors . [ use different distances to the cutoff and functional forms of f(-). According to the
admission system rationale students that were just rejected (i.e. with scores just below the
cutoff) should perform worse or at least equal to the ones above the cutoff. Hence, I am also
interested in testing whether §. < 0, which would support the admission system rationale.
Finally, if §. > 0 I would be estimating variations of equation (2) to find at what distance to
the left of the admission cutoff beneficiaries perform worse or equal than regularly enrolled
peers (6 < 0). Given that the admission system relies exclusively on application scores, I

do not include additional covariates in (1) or (2) to test its validity.

113



Additional Measures of Skill

At least to some extent, test scores do not measure skills such as motivation, persistence, and
self-control (Heckman and Kautz 2012, 2014a). Previous research has shown that these skills
are powerful predictors of relevant outcomes, including schooling attainment (Bowles, Gintis
and Osborne 2001; Borghans et al. 2006; Heckman, Stixrud and Urzua 2006; Almlund et al.
2011, and Heckman and Kautz 2012). Hence, non-test score measures of skills may explain
potential differences in academic outcomes between AA and regularly enrolled students.
Following Carneiro et al. (2003), Heckman and Kautz (2012) and Jackson (2014), I pose a
factor model that extracts two underlying latent variables from a set of observed measures. I
use the students’ PSU scores in mathematics and language as a proxy for cognitive skill, and
high-school GPA, high-school class rank, and high-school attendance as non-test score skills.
These last variables have been used in the related literature (Heckman and Kautz 2012,
Kautz and Zanoni 2015) as additional measures of skill, given that they reflect a behaviors
that go beyond pure cognition, like showing up for class. Hence in this setup the cognitive
skill factor'? represents what is measured by the standardized tests and the non-test score
skill factor is what is captured by the other measures. By relying on the covariance between
measures described above, I identify the distribution of the two types of skills ((/9\1 and é\g),
standardized to be mean zero unit variance.1® I then augment the previous equations in the

following way,

Yij = Bms + YmsDi + 7101 + 7202 + pij (3)

Yij = Bes + YesDi + f(-) + 7101 + 7202 + uy; (4)

and test whether Hy : yms < 0 and Hy : 7es < 0 after controlling for both types of skills 6,

14. The assumption that one latent factor captures cognitive ability is traditional in the literature (see,
e.g., Jensen 1998).

15. T use the Bartlett scoring method, but the results are robust to other methods. Note that I am not
aiming to identify induced changes in skills overtime (as in Heckman et al. 2013), but establish pre-program
‘baseline’ differences in skills.
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for j=1,2.

3.83.2  Students’ Perspective: Access and Mismatch

Another important dimension of the policy is what would have happened to the AA eligible
students had the policy not existed. This is a counterfactual analysis at the individual level.
I ask two relevant questions on this respect. The first is how did the policy affect at which
major students ended up, if any. The second is how eligible AA students perform in more
selective majors compared to how they would have fared in less selective majors in absence

of the policy, conditional on enrollment.

Access

I construct counterfactual enrollment options using individual preferences over majors from
the application forms. Had the policy not existed, AA students could have either enrolled in
the next preferred major that offered them admission under the regular system, or they could
opt out.16 Tt is also possible to have been rejected by every major listed on the application
form.

This approach assumes that the behavior of the AA eligible students did not change as a
response to the policy. This is reasonable to assume in a context in which the AA policy was
announced (June) and implemented (December) almost immediately, leaving little space for
students to react. I make and test the following two assumptions regarding the applicants’
behavior.1”

Assumption 1. Applicants did not anticipate the policy, and therefore did not switch to

a different high school (e.g. with lower-achieving peers) to improve their chances of being in

16. Meaning, enrolling at technical or professional institutes, private less-selective universities, going to
the labor market, or simply not enrolling at all.

17. 1 tested these two assumptions by analyzing the switching and applications behavior for different
cohorts of students both before and after the policy was implemented. I examine the switching patterns and
number of applications for students that were in the best 5%, 10% and 20% of their high school. T found no
differences in either school switching or application behavior.
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their class top 5%.18

Assumption 2. Students did not change their application behavior as a response to the
policy.9

The availability of next-best alternatives allows to distinguish intensive and extensive
margin effects as described in Arcidiacono and Lovenheim (2015). The intensive margin
affects the group of applicants who would have been admitted to at least one alternative
major and got reallocated thanks to the policy. Meanwhile, applicants who would not have
been admitted to any major were affected at the extensive margin.

As described in the previous section, admissions are based on an algorithm that uses
prospective students’ application scores and their major preferences. Let student’s i prefer-
ence list be denoted by P; = {J;1, ji2, ----, Jis}, Where j;;. represents a major, and k denotes
the student’s i preference order over majors. Students are required to list their preferences
in order, so let j;1 > jj2 = - -+ > J;s where > indicates strict preference relation. Without
loss of generality, I assume that the preference relation can be represented by a utility value,
so that jipm > Jin < U(Jim) > U(jin)- Let A; denote the set of majors in which beneficiary i
would have been admitted by the regular system. Had the AA policy not existed, student’s

i best option would have been given by j;.*, where

Jir” = argmax U(j;) st. ji € A; C P

Note that for some students I may have that j;.* = @, indicating that they would have
been rejected by every other major they applied to. I use this piece of information to bound

the extensive margin effect on enrollment as follows. Let C; be a dummy variable defining

18. Cullen, Long and Reback (2013) showed that this assumption did not hold in the U.S. under Texas’
top ten percent plan. In the Texas case, all students who graduated in the top 10% of their high school
classes were automatically guaranteed admission to any in-state public higher education institution. In Chile,
applicants need to comply with all the conditions stated in the preceding section, and even so, only students
at the margin benefited.

19. This is reasonable given that the policy benefits ‘marginal’ students and the major’s cutoffs are not
known at the moment of applying. Moreover, evidence from Hastings, Neilson, Ramirez and Zimmerman
(2015a) indicates that additional information has little impact on applicants’ behavior in Chile.
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student’s i enrollment at flagship universities, and D; be a dummy variable indicating if
student i used the AA policy to enroll. As under a standard potential outcomes framework,
C1; defines student’s i enrollment given D; = 1, while Cj; defines student’s i enrollment if

D; = 0. The impact on enrollment for the students using the AA policy is given by

E(Cy; — Cyi|Dj = 1) = P(Cy; = 1|Dj = 1) — P(Cy; = 1|D; = 1)

in which P(Cy; = 1|D; = 1) = 1 by definition, and P(C(y; = 1|D; = 1) can be bounded from

the application data. I can decompose P(Cpy; = 1|D; = 1) into two components, as

P(Co; =1|D; =1) = P(Co; = 1|D; = 1,j;1," = @)P(ji* = @|D; = 1)

+P(Coi = 1|D; =1, ji* # @)P(ji," # 9|D; = 1)

where P(j;;" = @|D; = 1) and P(j;." # @|D; = 1) are observed probabilities. Students
who would have been rejected by every major they listed on their application form would not
have been able to enroll under any circumstance in flagship universities, so P(Cy; = 1|D; =
L, j;* = @) = 0. The group of students who would have been admitted to alternative
majors could either have enrolled at their counterfactual choice or not, hence P(Cpy; =

1|D; =1, 41" # @) € [0,1]. Therefore,

P(Coi = 1|D; = 1) € [0, P(jy," # 2|D; = 1)]

and hence I can bound the impact of the policy on pure enrollment as:

E(Cy; — Coi|D; = 1) € [1 = P(jy." # @|D; = 1),1] (5)

The lower bound is zero if all beneficiaries are admitted to alternative majors under the

regular admission system. The lower bound is higher than zero (and lower than one) if the
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policy allows some students who would have been otherwise left-out to enroll at flagship
universities.

For the group of beneficiaries who would have been admitted to alternative majors I
can compare further outcome dimensions. For instance, I can answer whether the policy
re-sorted students to majors with higher expected wages, or to majors offered by more
prestigious institutions.20 These two measures of university-major quality provide us an

aggregated notion for understanding how expanded access benefited AA students.

Student Perspective: a Mismatch Hypothesis

The mismatch hypothesis (Sander 2004, and Sander and Taylor 2012) states that AA eligible
students would have fared better in other —less selective— majors. The strategy to assess the
mismatch hypothesis in this context relies on the discontinuity in the eligibility for the
AA policy generated by the class rank condition. I consider students that fulfilled all the
eligibility conditions with the exception of class rank, and compare those just above and
just below the top 5% rank cutoff. Therefore, the intention-to-treat identifies how would
the marginally rejected low-income students perform in their majors given that they were
class-rank eligible.2! The identification assumption is that the group ranked just below the
cutoff provide a good counterfactual of students ranked above. I expect students near the
5% threshold to be similar on their observed and unobserved characteristics, but have very
different likelihoods of becoming beneficiaries of the AA policy.

I employ a regression discontinuity (RD) design to compare outcomes between students

20. To this end, I use a single summary measure of university prestige perception, similar to the Barron’s
Index for U.S. institutions. It is based on a survey given to Chilean CEOs and managers from different
departments, areas and firms. Basically, they were asked to evaluate universities in a scale ranging from 1
to 7, in which a higher value means greater prestige.

21. Admittedly, I could have used a different comparison sample. For instance, I could have used the
income variable to perform an RDD using the discontinuity between the fourth and fifth quintiles, but the
information on income was provided to us only grouped in quintiles. I could also have included all students,
not only those that met the application score band condition. I decided to keep this requirement because
of interpretability. This way, the ITT provides us the effect for low-income students that would have been
eligible for the policy if they belonged to the best 5%. Otherwise, it would be conflating the effect for those
that met and those that did not meet the confidence band requirement.
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who attend selective majors with their counterparts who attend less selective ones near the

class rank cutoff. The specification has the following form,
Yij = a+6- Bests; + f(rank;) + X[ + €;; (6)

in which Y;; represents an academic outcome (like persistence rates) for student i at major
j, Bestb; is an indicator function for student i ranked in the top 5% of their high school,
f(rank;) is a smooth function of the forcing variable class rank and X; represents a set
of observed, arguably exogenous, covariates. These include parental schooling, household
income, health system use (public or private) gender, GPA and PSU scores and high school
quality, which I describe in the data section. In practice, these controls do not change the
estimate at the discontinuity but increase its precision. The parameter 0 is the coefficient
of interest. I expect it to be negative, given that eligible students enroll at more selective
majors which tend to be more challenging in the Chilean context. If the coefficient is also
significant, then we would be in the presence of ‘mismatched’ students, who would have fared
better in less selective majors.

I specify a flexible parametric model by including different higher order polynomials
of the forcing variable, which are allowed to vary on either side of the discontinuity. I
also use non-parametric specifications, following Hahn et al. (2001) and Porter (2003),
and estimate a local (kernel-weighted) linear regression to the left and right limits of the
discontinuity. As suggested by Lee and Lemieux (2010), I examine the results for a range of
candidate bandwidths, including an optimal Cross-Validation (Ludwig 2007) and the Imbens-
Kalyanaraman bandwidths. Finally, all regressions cluster at the level of high school in order
to avoid the problems associated with specification error in the case of discrete covariates
(Lee and Card 2008). Another key assumption for the RD design is that students were not
able to manipulate their class rank around the eligibility threshold. This non-manipulation is

related to the assumption 1 from the previous section. In this setup, I test for manipulation
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by analyzing systematic patterns in the density on either side of the class rank threshold,

using McCrary’s (2008) procedure.

3.4 Data

I collected information from several data sources to implement my empirical strategy. I gath-
ered administrative data sets with individual records on high-school GPA and attendance,
and high-school characteristics. I combined this information with the students” PSU scores
and application lists to flagship universities. Finally, I also gathered administrative records
on student university enrollment, up to five years after high-school graduation.

I use the administrative data on university enrollment to track students yearly after
initial enrollment and construct several measures of academic success using this information.
The first is a strict measure of persistence, defined to equal one for students that stay in
their same pair university-major from year to year and zero otherwise. This is an important
outcome for university officers, who are concerned about admitting students that would
finally graduate from their programs. I also got degree completion records for students in
the 4th and 5th year, which I use to avoid conflation between dropout and graduation in
the construction of this persistence variable. However, I do not use graduation itself as an
outcome because the formal length of the majors in Chile is on average above 5 years and
therefore only a small fraction of students had graduated by the 5th year. For computation
procedures, I count the students that graduated early (i.e. in years 4 or 5) as persisted.

I also build measures of continuous enrollment, stop-out and drop-out rates, in the spirit
of Stratton et al. (2008). Previous evidence (Pugatch 2012 for South Africa, Arcidiacono et
al. 2013 and Goldrick-Rab 2006 for the U.S.) shows that a substantial fraction of students
withdraw during the first year and then return to postsecondary institutions, which is a
pattern also found recently in Chile (Mineduc 2014b). Considering the five years of data, I
define continuous enrollment as enrollment for 4-5 years; students in the category of stop-out

as those who were enrolled for 2 or 3 years, and dropout for those enrolled only 1 year or
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less.

Finally, for a subsample of students I was able to collect 1st year GPA for a subset of
institutions. This information is usable only for the validity analysis because I would need
to have information on 1st year GPA for students in different pairs majors-institutions to
perform the mismatch analysis. Table 3.16 in the Appendix shows that both AA beneficiaries
and Regularly enrolled students in this subsample are fairly similar to the complete sample
described below.

The final dataset contains observations from the 2007 high-school graduating cohort who
took the PSU exam, applied to, were admitted by, and enrolled as freshmen at flagship
universities. I can identify all AA eligible students, those that become beneficiaries, and all
regularly enrolled students, with complete information determining their admission to the
respective university-major pair. A total of 137K students graduated from publicly funded
schools and took the PSU test; 41K applied to flagship universities, and approximately
half of them (21K) satisfied the income criteria. About 12% of them (~2.5K) satisfied the
application score band requirement for at least one of their listed preferences. These 2,478
applicants compose the sample I use to study the mismatch hypothesis. Among them, 713
of them were in the top 5% of their high school class, thus eligible for the AA policy and
466 (two out of three) became beneficiaries.

A total of 18,790 students enrolled under the regular system to the same majors as
beneficiaries. From this group, a subset of 475 students that would have been displaced
by the 466 beneficiaries. The slightly higher number of potentially displaced students is
due to individuals with the same the application score, who I also kept in the sample. I
use beneficiaries and regularly enrolled students as the sample to test validity hypothesis
associated to the admission system. Table 3.1 presents descriptive statistics for the validity
and the mismatch samples.

Validity Sample. Next, I describe the validity sample by comparing all of the regularly
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enrolled in the same majors®? (in column [1]), the students that would have been displaced
(in column [2]) and the AA beneficiaries (column [3]) .

The set of available indicators reflects significant differences in socioeconomic status be-
tween beneficiaries and the regularly enrolled students, accordingly with the targeted purpose
of the policy design. AA beneficiaries have parents with lower levels of education (12.6 years
vs. about 14 years of schooling23), and come from households with significantly less house-
hold income. Three-quarters (74%) of the AA beneficiaries use the public health system,
which is related to low SES status®* (Larranaga and Contreras, 2010) compared to about
half (49%) of regularly enrolled students.

All AA students graduated from publicly funded schools, compared to 73% of their
classmates. The quality of high-schools from which AA students come from is also lower.
They come from average high-schools, while regularly enrolled students graduated from
schools averaging a score of 298, which equals the 80th percentile of the high-school SIMCE
distribution. Also, AA students present significantly lower PSU scores. They achieved 598
points, which is 50 points below the mean of the regularly enrolled group (about 0.8 standard
deviation of difference).

The information coming from the application forms indicates that AA beneficiaries ap-
plied on average to 5.6 university-major combinations, while regularly enrolled applied to
4.9. Thanks to the AA policy, beneficiaries were allowed to enroll approximately at their

second preference (1.9), on average.29 As a benchmark, students that were regularly enrolled

to the same majors (N = 18,790) listed 4.9 preferences, and were admitted to their second

22. The AA students enrolled in a total of 286 university-major combinations. The small sample size per
combination prevents us from performing a subgroup analyses by university-major categories.

23. As a benchmark, 12 years of schooling is equivalent to have completed secondary education in Chile.

24. The national health care system in Chile is highly stratified by its public/private type. Using the
public health system is much cheaper than the private sector, which is run by for-profit health insurance
companies.

25. This preference of enrollment for AA beneficiaries considers 392 observations instead of 466, because 74
of them would not have been not admitted to any major under the regular admission system, as I elaborate
in section 3.5.
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preference (~1.8), on average.

According to their SES and high-school quality indicators and PSU scores AA students
are expected to perform worse than regularly enrolled students at the university. However,
this is not as clear-cut in terms of the rest of their academic credentials. AA beneficiaries
are by design, top ranked students from their high schools. On average, their class rank is
0.98, significantly higher than the 0.79 of the regularly enrolled students. They also have
higher high school GPA (713 vs. 667 points, or about 0.6 standard deviation of difference).
Still, in the literature of economics of education it is common to find that SES indicators are
by far the most important determinants of academic achievement. It is not at all obvious
that good GPA or class rank indicators would allow AA beneficiaries to compensate their
SES background disadvantages.

The panel at the bottom of Table 3.1 shows the fraction of students from each group in
enrollment categories (continuous, stopout and dropout), and the year-to-year persistence
rates through freshmen to the fifth year at university.

The information from the enrollment categories indicates that 82% of the AA beneficiaries
stays enrolled for 4 or 5 years, lower than the 85% of the regularly enrolled students, but
similar to the potentially displaced students. The stopout and dropout rates are fairly
similar between these last two groups indicating that AA beneficiaries manage to achieve an
academic performance that is at least similar to the ones they would have displaced.

This notion is strongly reinforced by their yearly persistence rates. The numbers show
that 83% of the AA beneficiaries stay in the same major-institution by the end of the
first year, which is equivalent for the regularly enrolled students and higher than what the
potentially displaced students achieve (80%). The table indicates that AA beneficiaries tend
to have higher persistence rates as they advance in their degree. By the fifth year, 60% of AA
beneficiaries stay enrolled (or graduated) from the major they initially enrolled on, compared
to 57% and 54% of the other two groups. This result suggests that the indicators of higher

ability (class rank and higher GPA), offset the lower PSU scores, high-school quality and
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socioeconomic disadvantage faced by AA beneficiaries.

Mismatch Sample. The characteristics of students in the mismatch sample are de-
scribed in columns [4] and [5] from Table 3.1, separately according to non-eligible and eligible
status, respectively. The difference between columns [4] and [5] is the class rank condition;
those in the second column correspond to those who ran in the top 5% of their class, i.e.
were eligible for the AA policy. Accordingly, the average class rank for the non-eligible is
of 0.63, while the mean is 0.98 for those eligible. This academic advantage in favor of the
eligible students is also reflected in their higher high-school GPA and PSU scores. Given that
all individuals in the mismatch sample satisfied the income condition, differences between
eligible and non-eligible students are less evident when looking at socioeconomic indicators.
They tend to come from households with similar levels of parental education and income.
Even though all students in the mismatch sample graduated from publicly funded high-
schools, eligible students come on average from lower quality high-schools, as measured by
Chile’s national standardized testing system, SIMCE.206 The fact that class rank correlates
negatively with SES status and high-school quality arises naturally given that just the very
good students from poor schools make it to the mismatch sample. Finally, eligible students
tend to be women living in the capital region in a higher proportion, and more likely to get
a scholarship. In spite of the differences, all these pre-university variables are smoothly dis-
tributed across the class rank threshold, as I present and describe in Section 3.5.3. In terms
of applications, both eligible and non eligible applied to an average of about six alternatives,
and enrolled in their third (non-eligible) or second (eligible) preferred option.

Finally, students who are AA eligible tend to be more time continuously enrolled and
stopout less. They also have systematically higher persistence rates than non-eligible stu-

dents, and that the gap increases over time. This is not a surprising result as AA eligible

26. SIMCE stands for Education Quality Measurement System (Sistema de Medicion de la Calidad de la
Educacion in Spanish). Students take mandatory tests in Mathematics and Language, that then are averaged
at the school level to produce the school’s SIMCE score. I use the latest SIMCE measure for high-schools for
that date, corresponding to years 2006-2008. The average SIMCE score for schools was 257 with a standard
deviation of 40 points.
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students have both academic and SES indicators that are higher than non-eligible students.
For the mismatch sample, the relevant result is whether AA eligible students perform better
or worse than other highly ranked (say, those in the top 6%) but non-eligible students, as I

examine in the RDD results subsection.

3.5 Results

3.5.1 Validity

Table 3.2 reports mean differences in a host of measures of academic performance between
the AA beneficiaries and the regularly enrolled students that would have been displaced by
them. Panel A exhibits the results from separate estimations as specified in equation (1),
using 1st year GPA (for a subsample) and year-to-year persistence rates as outcomes.

These outcomes are the most relevant from the perspective of the validity analysis, since
university officers aim in first place to admit students that will achieve a good performance
in their own programs.

The table reports both the standard errors (in brackets) and the lower one-sided p-
values (in parentheses) associated to the coefficients on the beneficiary status dummy. The
results indicate that AA beneficiaries do not perform worse on either 1st year GPA or yearly
persistence rates. In fact, the coefficients are all positive and also significant (though at
the 10% level) for the fifth year, suggesting that AA beneficiaries tend to graduate early in
higher proportion.

Panel B presents results from a simple multinomial logit model, using enrollment behavior
as the outcome and the beneficiary dummy as independent variable. This outcome is less
strict than remaining in the same pair major-institution yearly but it may shed light on a
broader measure of persistence. Columns (1) and (2) report odds ratios and standard errors
comparing dropout and stopout with continuous enrollment, while column (3) shows the

odds ratio and standard error associated to the comparison of dropout with the stopout
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category as base outcome. The results indicate that there are no differences between both
groups, according to the Wald Test with a chi-squared of 0.236, which is consistent with the
sample means on enrollment behavior for both groups presented in Table 3.1.

This set of results questions the validity of the admissions score since students that
would have been rejected attain good indicators of performance. Figure 3.1 provides further
evidence to understand how the admission index predicts performance for both groups below
and above the admission cutoff. The set of graphs plot the mean of yearly persistence rates
within admission score bins, and the solid line plots fitted values from local linear regressions
on both sides of the admissions cutoff.

The graphs suggest that persistence rates tend to be flat in the application score for
regularly admitted students, and that AA students perform better near the thresholds. These
results are confirmed by the the output presented in Table 3.3. The table reports the
estimated ~. from separate regressions of persistence rates on a beneficiary status dummy
and a smooth function of the normalized application score as described in equation (2).
The first panel continues to use the sample of potentially displaced students to compare
to the AA beneficiaries. Panels B and C include other regularly admitted students near
the admission cutoff to estimate the difference at the thresholds using non-parametric and
parametric procedures, respectively.

The results, which are stable across the different specifications and procedures, indicate
AA beneficiaries achieve significant higher persistence rates than their regularly enrolled
peers at the cutoff. The graphs from Figure 3.1 suggest that AA beneficiaries achieve higher
persistence rates that up to 8 points below the admission threshold.

The fact that the AA indicator does predict persistence across a range of test scores
despite not being included in the admissions index suggest that if the goal of the assign-
ment process is to maximize persistence, institutions could improve the indices they use to
determine admissions outcomes by incorporating class rank.

While the validity premise relies solely on the application score, it is illustrative to ex-
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amine how beneficiaries differ from regularly enrolled students on their demographic, so-
cioeconomic and pre-university academic characteristics near the admission cutoff. Table
3.4 reports the results from separate regressions of each covariate on a beneficiary status
dummy and a smooth function of the normalized application score, once again separated in
Panels A, B and C. Results from the three panels display the following consistent pattern.
While there are no differences in gender close to the admission cutoffs, the mean differences
on the rest of the covariates persist near the admission cutoffs. Even close to the admission
cutoffs, AA students attended high schools of lower quality; have lower levels of parental
education, come from households with lower income, have higher high-school GPA, use the
public health system in higher proportion, are less likely to live in the capital region, and are
more likely to have scholarships to fund their studies. Figures 3.2 and 3.3 provide a visual
illustration of these differences.

Additional Measures of Skill. Table 3.5 presents a correlation matrix of the pre-
university skill measures used in the factor model posed in Section 3.3. It displays patterns
that are common to other contexts (e.g. Jackson 2014, Kautz and Zanoni 2015), namely,
that test scores correlate positively with each other (.46), and that test scores have a a
weaker correlation with other measures of skill, like high-school GPA (about .26), high-
school class rank (.11) and high-school attendance. In this last case the correlation is close
to zero (.01 for math and -.05 for language). Even though unrelated to test scores, showing
up for class is related to higher GPA (.13) and higher class rank (.18) in high school. These
last two measures exhibit a high correlation (.70), but still different from 1. This result
indicates that there are students from different high-schools with same GPA but different
relative position within their graduating class. Table 3.6 shows the correlations between
the aforementioned measures of skills and persistence rates at the university. GPA and
class rank show the highest correlation with persistence rates, which tends to increase as
students progress in their majors. This is in contrast with PSU scores, whose correlation

with persistence rates tend to stay constant or decrease over time. High-school attendance
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correlates with persistence rates at the university despite its petty relation with test scores.
In fact, the magnitude of the attendance correlations with persistence rival with the test
scores figures. Taken together, this suggest that test scores and attendance measure different
skills, both of which are related to future outcomes. All in all, Tables 3.5 and 3.6 indicate
that measures other than just test scores capture information on skills that seem important
in explaining academic persistence. Figure 3.4 presents the distributions of predicted skill
factor scores associated to test-scores (left panel) and non-test-scores (right panel), by AA
status. The former are based on the subscores from the mathematics and language PSU test,
while the non-test-scores skill factor is based on high-school GPA, class rank and attendance
rates. The graphs show that AA beneficiaries possess lower cognitive skills, but higher non-
test score skills. Tables 3.7 and 3.8 show the results of the estimation of equations (3) and
(4), in which I control for both the test-scores (6;) and non-test-scores skill (52) factors.
The results show that once controlling for these skills the advantage favoring AA students
vanishes for most of the specifications. This fact suggests that the low-income AA students
are equipped with a set of skills —not adequately measured by the admission system— that

enable them to do well in post-secondary education.

3.5.2  Students Perspective: Access

The next subsection moves beyond from the university officers perspective to examine the
policy from the perspective of the individual students. Instead of comparing AA beneficiaries
to their peers, I compare now A A-eligible students to their own counterfactual in the absence
of the policy. Table 3.9 summarizes how the policy expanded the enrollment opportunities
for the 713 AA eligible students. The rows indicate the order of preference from student’s i
best next-best alternative (j;.), while the columns indicate the order of preference at which
they ended up enrolling. The 247 eligible students who did not become beneficiaries appear
on the diagonal, which indicates that they did not need the AA policy to enroll at their best

option. Meanwhile, the 466 students under the diagonal correspond to the AA beneficiaries,
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who were able to enroll at a more preferred university-major combination (or enroll at all, as
explain below). The second row-first column cell shows that 159 AA students were admitted
to their second preference under the regular system, but used the policy to get enrolled in
their first preference. Next, 91 AA students were admitted to their third preference (and not
to their first nor second preference). Of these, 45 were able to enroll in their first preference
thanks to the policy and 46 were able to enroll in their second preference. The following
rows can be read in the same way.

The row for which j5 = @ provides important information. It indicates that 74 AA
beneficiaries would not have been admitted to any of their declared application preferences
under the regular system. However, thanks to the policy, 21 of them were able to enroll in
their first preference, 17 their second preference, and so on. Therefore, 392 AA beneficiaries
would have been admitted to alternative majors, while 74 of them have been rejected by
every major on their preference list. Hence, P(j;;.* = @|D; = 1) = 74/466 = 0.16 and
therefore the pure enrollment (or extensive margin) effect as described in expression (1) can
be bounded as 6171):1 — 517D:0 € [0.16,1]. This result means that at least 16% of the
beneficiaries would not have enrolled at a flagship university had the policy not existed.
This extensive margin effect could scale to a 100% if those who would have been admitted
to alternative majors still decided to opt out.

For the group of potentially reallocated students -the intensive margin of the policy- I
can compare differences in quality between their factual and their counterfactual major (j7.).
Table 3.10 provides examples. Consider the first case (first row). A particular student used
the AA policy to enroll in Law at Universidad de Chile for which he presented an application
score 10 points below the major’s cutoff. Had the policy not existed, his next-best alternative
would have been Law at Universidad Catolica de Valparaiso, since for that major he had a
score 49 points above the cutoff. I compare differences between the factual and conterfactual

majors using expected wages (at the major level) and a prestige index (at the institution
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level) as measures of quality.2” Table 3.11 shows the differences in these two measures of
major quality. The results indicate that beneficiaries were allowed to enroll in majors with

higher wage expectations and at more prestigious universities.

3.5.8  Mismatch Sample

This subsection analyzes how AA-eligible students perform compared with themselves in
the absence of the policy, using an RDD on the class rank variable. Since the academic
outcomes of students are available for those who enroll, I discard students at the extensive
margin from this analysis. This might moderate the potential selection bias introduced by
keeping in the sample students that would not have been able to enroll in the absence of the
policy (i.e., those benefited at the extensive margin). Using this sample, Figure 3.5 plots
the proportion of students who were beneficiaries of the AA policy against their class rank,
revealing a discrete jump in the probability of becoming a beneficiary near the class rank
threshold.

The main identifying assumption behind this strategy is that there are no other changes
occurring at the top 5% class rank threshold that could confound the analysis. I test for these
differences by regressing a host of different covariates on the class rank dummy identifying
top 5% students and a smooth function of class rank. As indicated in section 3.3.2, I consider
both parametric and non-parametric functions of class rank to ensure that the results are
robust to specification. The results of these regressions are presented in Table 3.12.

The reported coefficients are for the variable ‘Best 5%’, defined as 1 for individuals
in the top 5% from their high school. The coefficients indicate that gender, high school

quality, parental education, household income, high school GPA and PSU scores, public

27. The first measure corresponds to the average wages associated to the respective major for individuals
in the fourth year after graduation. The data is collected from IRS tax records, processed by the Ministry of
Education and published online at the institutional webpage http://www.mifuturo.cl. Regarding the prestige
index, I use a university ranking published yearly by a Chilean weekly news magazine that is similar to the
Barron’s index for U.S. institutions. The index is based on survey information provided by business managers,
who make hiring decisions at their firms.
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health use, among others, evolve smoothly through the best 5% threshold. This result holds
for different local-linear bandwidths and polynomial functions of class rank.2® The set of
graphs in Figures 3.7 and 3.8 provide a visual check of these results by showing how the
same set of covariates behave with class rank. The dots plot the mean of each variable
within class rank bins, and the solid line plots fitted values from local linear regressions on
both sides of the class rank cutoff. The graphs confirm that demographic, socioeconomic and
pre-university academic variables behave smoothly around the class rank threshold, which
suggest that unobserved characteristics may display a similar behavior.

One way to further test for differences in unobserved characteristics is to examine whether
there is sorting of the sample around the discontinuity. For example, it could have been the
case that more motivated students switched to easier high-schools in order to be eligible.
I employ McCrary’s (2008) density test to examine the existence of sorting in the vicinity
of the class rank threshold. Figure 3.6 presents a graphical illustration of this test, which
shows that the density varies continuously over different class rank values with no significant
discontinuity around the threshold.2? Overall, the evidence provided above indicate that the
students’ characteristics are not related to the changes near the class rank threshold other
than the likelihood of becoming beneficiary of the AA policy.

I examine yearly persistence rates in the same pair major-institution and also dummies
reflecting whether students were continuously enrolled (independent of where) or if they
exhibited a dropout behavior, meaning that they were enrolled for one or less years during
a five years period. I do not include as outcome a dichotomous variable on stopout behavior

since it is more difficult to interpret.

28. In Table 3.12 the panel A presents the non-parametric estimations, with local-linear bandwidths of 1,
3 and 5 percentiles of class rank (arbitrarily selected), and optimal bandwidths computed according to the
Cross-Validation (CV) (Ludwig and Miller, 2007) and the Imbens-Kalyanaraman (IK) methods, respectively.
Panel B shows the parametric estimations corresponding to linear, quadratic and cubic polynomial functions
for f(rank;), allowing slopes to vary at either sides of the class rank cutoff. The results indicate that among
the 88 estimated specifications only two reported significant coefficients at the 5% level, corresponding to
gender for the linear spline and PSU score for the cubic spline.

29. McCrary’s test indicates that the discontinuity estimate is given by .00323, with associated standard
errors of .00270 (and hence non-significant).
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Table 3.13 shows the differences in persistence rates from freshmen to the fifth year at
university near the threshold. It reports the estimated § from the specification (2), with the
yearly persistence rates as outcomes in each column and separated panels for non-parametric
and parametric procedures. The coefficients are negative which is consistent with eligible
students attending more difficult majors. However, the vast majority of the coefficients
are not significant at conventional levels.3? For illustrative purposes, Figure 3.9 plots the
persistence rates achieved by students as they progress through university, from freshman to
senior year and their graduation rates.3!

Table 3.14 reports the results on dropout behavior and continuous enrollment. As in the
previous set of results estimates are imprecise, but in this case, almost all of the coefficients
suggest that AA-eligible students dropout less and stay continuously enrolled in a higher
proportion.

An hypothesis that reconciles both set of results is that on a yearly basis, AA students
perform better in less selective majors due to the relative challenge that is pursuing a more
selective major. However, considering a long term measure of academic success they AA

students tend to do better in more selective majors because they are persistent and catch

up with their peers over time, as results from the validity section showed.

30. The exceptions are the persistence rates at second year from the non-parametric estimations with 3
points of bandwidth, and the parametric cubic spline, both significant at the 5% level. I am aware that RDD
is an empirical approach with low statistical power. All regressions control for the set of covariates displayed
in Table 3.12, which increases precision of my estimates without affecting their magnitudes. I use different
bandwidths to test whether effects become significant as I include more observations (trading variance for
bias), which is not the case.

31. It might be the case that persistence rates vary importantly between majors. Therefore, I also consider
relative persistence rates as outcomes. I measure relative persistence as the distance in persistence as
compared to the mean from their respective major. The results, shown in Table 3.15 suggest that in relative
terms, AA students perform somewhat better than in absolute terms. Still, as in Table 3.13, most coefficients
are not statistically significant.
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3.6 Conclusion

This paper evaluated whether test-score-based admission standards screen out highly able
but low-socioeconomic status applicants. I used data from a Chilean Affirmative Action
policy to measure outcomes on university access, mismatch and validity. The Chilean cen-
tralized, score-based university admissions system provides us the complete information used
in determining the applicants’ admission to their respective majors and universities and their
next-best alternatives, which I combine with rich institutional administrative records. The
results indicate that about 500 hundred students (two thirds of the eligible set) enrolled at
using the AA policy. From them, 84% were reallocated to majors with higher wage expecta-
tions, at more prestigious universities due to the policy. Meanwhile, 16% of the beneficiaries
would not have been admitted to any major at all, had the policy not existed.

Programs that promote access would not have any significant effect on educational at-
tainment if they attract students who are unable to perform well or graduate. The mismatch
hypothesis argues that beneficiaries may be so misplaced academically that they would ac-
tually be better off in the absence of affirmative action (Sander, 2004). I provide evidence
that is not the case in Chile. Using a regression discontinuity design on the class rank con-
dition, I do not find strong evidence supporting the mismatch hypothesis. The paper also
contributes to the ‘validity’ literature (Rothstein, 2004). T take advantage of the policy de-
sign to test the admission system logic, by comparing beneficiaries’ academic outcomes with
regularly enrolled students in their same majors. The admission system predictions indicate
that AA students would perform worse than regularly enrolled students, due to their lower
application test scores. However, the data rejects this statement. The results indicate that
on average AA students perform at least as well as the pool of regularly enrolled students in
the same majors. Moreover, when comparing students closer to the admissions cutoff, I find
that AA students attained sizable higher persistence rates compared to regularly enrolled
students. The paper finally contributes to a growing literature relating non-test-score skills

and educational attainment. My findings reveal that AA students have a set of skills that
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allow them to compensate for their low SES status and their initial knowledge handicap,
reflected in their low PSU scores and in the lower quality of the high-schools they graduated
from.

Summarizing, the AA policy contributed to equity by expanding opportunities for low
income-students, otherwise rejected by the school-major combination they ended up attend-
ing. In the absence of the policy, they would not have been better off, and moreover, they
exhibit a good academic performance relative to their peers. The set of results suggests that
the admission systems could be improved by considering additional measures of skills. This
paper contributes to the lively policy debate on affirmative action, suggesting that there is

an opportunity to move forward on both equity and efficiency in university admissions.
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Table 3.1: Descriptive Statistics

Validity Sample Mismatch Sample
All Regularly Potentially AA AA Eligible AA Non-eligible
Variable Enrolled Displaced  Beneficiaries | (Top 5%) (Non-Top 5%)
1] 2] 3] [4] [5]
Pre-university variables
High School Class Rank (0 to 1) 0.79 0.74 0.98 0.98 0.63
(0.20) (0.23) (0.02) (0.02) (0.24)
High School GPA Score 666.6 645.6 712.5 717.9 594.5
(76.0) (77.5) (44.4) (45.6) (77.0)
PSU score 648.3 627.8 598.1 598.3 564.7
(63.9) (54.2) (63.5) (65.0) (55.2)
Parental Schooling (Years) 14.2 14.0 12.6 12.5 12.8
(2.9) (2.9) (2.7) (2.8) (2.8)
Household Income
Bracket 1 (%) [Lowest] 0.38 0.46 0.63 0.64 0.59
Bracket 2 (%) 0.14 0.12 0.17 0.17 0.19
Bracket 3 (%) 0.28 0.27 0.18 0.18 0.21
Bracket 4 (%) [Highest] 0.20 0.15 0.01 0.01 0.01
Public Health System Use (%) 0.49 0.51 0.74 0.73 0.72
Female (%) 0.48 0.49 0.57 0.59 0.56
Capital Region (%) 0.41 0.39 0.39 0.36 0.24
Scholarship (%) 0.19 0.23 0.31 0.33 0.24
Publicly Funded School (%) 0.73 0.81 1.00 1.00 1.00
High School Quality 298.3 291 258.5 258.6 279.8
(32.1) (33.5) (29.3) (29.5) (31.5)
High School Attendance 0.94 0.94 0.95 0.95 0.94
(0.07) (0.09) (0.06) (0.05) (0.05)
Number of preferences listed 4.9 5.2 5.6 5.8 5.5
(1.9) (1.9) (1.9) (1.9) (2.0)
Preference of enrollment 1.8 1.9 1.9 2.3 2.6
(1.2) (1.2) (1.2) (1.5) (1.6)
Year-to-year Persistence
Year 1 0.83 0.80 0.83 0.82 0.80
Year 2 0.71 0.68 0.70 0.70 0.67
Year 3 0.63 0.62 0.64 0.64 0.59
Year 4 0.62 0.58 0.62 0.62 0.55
Year 5 0.57 0.54 0.60 0.60 0.51
Enrollment
Continuous (4-5 Years) 0.85 0.83 0.82 0.84 0.74
Stop-out (2-3 Years) 0.12 0.14 0.15 0.12 0.21
Drop-out (0-1 Years) 0.03 0.04 0.04 0.04 0.05
Formal Length (in years) 5.53 5.74 5.75 5.74 5.30
(1.62) (1.44) (1.45) (1.49) (1.24)
Observations 18,790 475 466 713 1,765

Notes: Standard deviation for the non-dichotomous variables are in parentheses. Column (1) considers all students
regularly enrolled in the same majors as AA beneficiaries. Column (2) is a subset of regularly enrolled students,
who would have been displaced by AA beneficiaries as described in the main text. The AA beneficiaries (column
3) correspond to the subset of students that enrolled using the AA policy. Column (4) considers who (i) graduated
the previous year from publicly funded schools and took the PSU exam; (ii) applied to flagship universities, (iii)
belonged to the first four national quintiles of household income, and (iii) scored below the cutoff of their major
of preference (on a 5% band). Those in Column (5) satisfied all same conditions but (iii).
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Table 3.2: Validity: Beneficiaries vs. Potentially Displaced Sample

Panel A: 1st Year GPA and Year-to-year Persistence Rates
GPA  Persistence Rate at:

Year 1 Year 1 Year 2 Year 3 Year 4 Year )
AA Beneficiary (Y,) 0.09 0.02 0.02 0.03 0.03 0.06*
[0.12] [0.03] [0.03] [0.03] [0.03] [0.03]
(0.763) (0.807) (0.781) (0.803) (0.848) (0.955)
Constant (Bp,) 4,327 0.80%* 0.68%F%  0.62%%%  (.58%F*  (.54***
[0.08] [0.02] [0.02] [0.02] [0.02] [0.02]
Observations 324 941 941 941 941 941
1st Year GPA SD .99

Panel B: Enrollment Behavior: Continuous, Stopout and Dropout
Multinomial Logit Model
Dropout vs. Stopout vs. Dropout vs.

Continuous Continuous Stopout
AA Beneficiary 1.070 0.923 1.084
[0.370] [0.174] [0.204]
Observations 941
chi2(2) 0.236
Prob > chi2 0.889

Notes: *** ** and * indicate statistical significance at the 1, 5 and 10 percent level respectively. Robust standard
errors clustered at the high school level are in brackets. The reported coefficients correspond to separate regressions
of the dependent variable on the variable ‘Best5’, defined as 1 for individuals at the top 5% from their high school.
All regressions control for gender, high school quality, parental schooling, household income, PSU and GPA scores,
and public health use. The persistence rates equals 1 to students that stay in their same pair school-major from
year to year. Those that graduated early (or at shorter-duration majors) are counted as persisted. Panel A:
all non-parametric specifications use a rectangular kernel. The local-linear bandwidths correspond to 1, 3 and 5
percentiles of class rank. The IK and CV bandwidth represent the Imbens-Kalyanaraman and Cross-Validation
method (Ludwig and Miller, 2007) optimal bandwidths, respectively. Panel B specifies linear, quadratic and cubic
polynomial functions for f(rank;), allowing slopes to vary at either sides of the class rank cutoff.
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Figure 3.1: Validity Sample: Persistence Rates

Notes: The open circles plot the average values of each variable for application score bins. The solid lines

are fitted values from local linear regressions using a rectangular kernel with an optimal cross-validation
bandwidth.
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Table 3.3: Validity Sample: Persistence Rates (coefficient on AA Beneficiary).

Panel A: AA and Potentially Displaced Students

Dependent Variable: Persistence Rate at:

Year 1 Year 2 Year 3 Year 4 Year 5

AA Beneficiary 0.060* 0.078*  0.088** 0.078* 0.104**
[0.031] [0.040] [0.042] [0.042] [0.043]

Observations 941 941 941 941 941

Panel B: Non-Parametric Estimations (AA and all Regularly Enrolled Students)

Local-linear Bandwidth

Dependent Variable: Persistence Rate at:

(of Application Score) Year 1 Year 2 Year 3 Year 4 Year 5
Bandwidth=5 | 0.131*** 0.092*  0.135** 0.112%* 0.153**

[0.039] [0.056] [0.058] [0.061] [0.063]

Observations 3,759 3,759 3,759 3,759 3,759
Bandwidth=10 | 0.109***  0.107** 0.138***  (.112** 0.140%%*
[0.033] [0.045] [0.048] [0.049] [0.050]

Observations 6,738 6,738 6,738 6,738 6,738
Bandwidth=20 | 0.074**  0.081** 0.110***  0.089** 0.119%%*

[0.027] [0.035] [0.037] [0.037] [0.038]

Observations | 11,322 11,322 11,322 11,322 11,322

Panel C: Parametric Estimations (AA and all Regularly Enrolled Students)

Polynomial Function

Dependent Variable: Persistence Rate at:

(of Application Score) Year 1 Year 2 Year 3 Year 4 Year 5
Linear Spline | 0.053** 0.058*%  0.074** 0.054 0.077**

[0.024] [0.032] [0.034] [0.034] [0.035]

Quadratic Spline | 0.114*** 0.121*** (0.163*** (.138%** 0.168***
[0.030] [0.040] [0.042] [0.043] [0.044]

Cubic Spline | 0.116%** 0.090* 0.139***  0.109** 0.134%*

[0.037] [0.050] [0.052] [0.055] [0.056]

Observations 19,256 19,256 19,256 19,256 19,256

Notes: *** ** and * indicate statistical significance at the 1, 5 and 10 percent level respectively. Robust
standard errors clustered at the high school level are in brackets. The reported coefficients correspond to
separate regressions of the dependent variable on the variable ‘AA Beneficiary’, defined as 1 for individuals
that enroll thanks to the AA policy. I do not include additional covariates, because the admission system
predictability is based solely on the application score. Panel A: all non-parametric specifications use a rect-
angular kernel. The local-linear bandwidths correspond to 5, 10 and 20 points of the normalized application
score. Panel B specifies linear, quadratic and cubic polynomial functions for the application score, allowing
slopes to vary at either sides of the class rank cutoff. Panel C reports results from a regression of each
dependent variable on the AA beneficiary dummy, for a sample that considers the AA beneficiaries and
the group of regularly enrolled students that would have been displaced by them, had the AA policy not
consisted in extra slots.

144



Female vs Application Score Lives in Capital Region vs Application Score

- ~{ o

Female
6 i
o
o
o
o
o
o
o
o
Lives in Capital Region
6
o
o
o
o

00,0 )
° ° MTQL&&E“% -] o ° M‘?D—e—oj_o.n:.ﬁ
< ° o < ° o ° ° o
] 0o o og
o™+ o
(=1 (=1 L=
T T T T T T T T
-20 -10 0 10 20 -20 -10 0 10 20
Normalized Application Score Normalized Application Score
Parental Schooling vs Application Score School SIMCE vs Application Score
e g
o o ° )
o W
00
?‘— T o 2 o 2 2 oo
(=]
‘_{_? ° ° o o w &7
g 2 3]
8 “W =
@ oo o 0 o o
5 ° o o 3
g ° 59
g w 8 E
(=]
= B
@ § o
-20 10 0 10 20 -20 10 0 10 20
Normalized Application Score Normalized Application Score
GPA Score vs Application Score PSU Score vs Application Score
3 3
~ ~
o oo ° °
84 oo 8 |
~ ~
o o
o
(=] ° o (=]
2 & : 2 &
Qo Qo
w w
ie B o
(O] 8 b o 8 b
(=] (=]
wn wn
wn wn
o
8 8
0 T T T T 0 T T T T
-20 -10 0 10 20 -20 -10 0 10 20
Normalized Application Score Normalized Application Score

Figure 3.2: Validity Sample: Covariates Differences

Notes: The open circles plot the average values of each variable for application score bins. The solid lines
are fitted values from local linear regressions using a rectangular kernel with an optimal cross-validation
bandwidth.
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Figure 3.3: Validity Sample: Covariates Differences (continued)

Notes: The open circles plot the average values of each variable for application score bins. The solid lines
are fitted values from local linear regressions using a rectangular kernel with an optimal cross-validation
bandwidth.
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Table 3.5: Correlation Matrix: Pre-university Skill Measures

PSU Math PSU Lang HS GPA Class Rank Attendance
PSU Mathematics 1.00

PSU Language 0.46 1.00

HS GPA 0.27 0.25 1.00

Class Rank 0.11 0.11 0.70 1.00

Attendance 0.01 -0.05 0.13 0.18 1.00

Notes: N=19,256. The table shows the correlations among five pre-university skill measures. PSU Math and PSU
Lang refer to the subscores in Mathematics and Language on the PSU test, respectively. HS GPA corresponds to
the cumulative high-school grade average. Class rank indicates the relative position of the students within their
high school class. Attendance corresponds to the average annual attendance rate during high-school.

Table 3.6: Correlation Persistence-Measures of Skill

Persistence PSU Math PSU Lang HS GPA Class Rank Attendance
Year 1 0.07 0.05 0.07 0.08 0.04
Year 2 0.04 0.05 0.10 0.11 0.05
Year 3 0.00 0.04 0.11 0.12 0.05
Year 4 0.03 0.07 0.13 0.13 0.06
Year 5 0.04 0.05 0.13 0.13 0.06

Notes: N=19,256. The table shows the correlations between persistence rates for years one to five (in the rows),
and five pre-university skill measures (in the columns). PSU Math and PSU Lang refer to the subscores in
Mathematics and Language on the PSU test, respectively. HS GPA corresponds to the cumulative high-school
grade average. Class rank indicates the relative position of the students within their high school class. Attendance
corresponds to the annual attendance rate during high-school.

Test-Scores Skill Non-Test-Scores Skill

T T T T T T T T T
-2 0 2 4 6 -10 -5 0 5
Standardized Test-Scores Skill Factor Score Standardized Non-Test-Scores Skill Factor Score

| ***** AA Beneficiaries Regularly Admitted | | ***** AA Beneficiaries Regularly Admitted

Figure 3.4: Distribution of Skills: é\l (left panel) and 52 (right panel)

Notes: The left panel shows the distribution of predicted cognitive skill factor scores, based on the subscores from
the mathematics and language PSU test. The right panel shows the distribution of predicted non-test-scores skill
factor scores, based on the high-school GPA, class rank and attendance rates. The scores have been standardized
to have a mean of zero and a standard deviation of one.
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Table 3.7: Validity Data: Persistence Rates (coefficient on AA Beneficiary).

Dependent Variable: Persistence Rate at
Year 1  Year 2 Year 3 Year 4  Year 5

Mean Difference (gn\@) -0.008  -0.007  0.009 0.002 0.025
0.018] [0.022] [0.023]  [0.023] [0.023]

Cutoff Difference (5;) 0.053**  0.062* 0.077** 0.057* 0.078%*
[0.024] [0.032]  [0.034] [0.034]  [0.035]

Observations 19,256 19,256 19,256 19,256 19,256

Regular Students Mean 0.83 0.71 0.63 0.62 0.57

Controlling for Test-Score and Non-test-score skills:
Mean Difference (577\1) -0.017 -0.040* -0.042* -0.051**  -0.026
[0.018]  [0.022]  [0.023] [0.023]  0.023]

Cutoff Difference (6,)  0.025  0.004  0.007  -0.021  -0.001
0.024] [0.032] [0.034]  [0.034] [0.035]
Observations 19,256 19,256 19,256 19,256 19,256
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Table 3.8: Validity Sample: Persistence Rates (coefficient on AA Beneficiary), controlling
for Test Scores and Non-Test Score Skills

Panel A: Non-Parametric Estimations

Local-linear Bandwidth | Dependent Variable: Persistence Rate at:
(of Application Score) Year 1 Year 2 Year 3 Year 4 Year )
Bandwidth=5 | 0.100***  0.028 0.061  0.027  0.066
[0.039] [0.056] [0.058] [0.061] [0.062]
Observations 3,759 3,759 3,759 3,759 3,759
Bandwidth=10 | 0.073**  0.039 0.059 0.024 0.048
[0.033] [0.045] [0.048] [0.049] [0.050]
Observations 6,738 6,738 6,738 6,738 6,738
Bandwidth=20 0.041  0.021 0.040  0.009  0.036
[0.027] [0.035] [0.037] [0.037] [0.038]
Observations 11,322 11,322 11,322 11,322 11,322

Panel B: Parametric Estimations

Polynomial Function | Dependent Variable: Persistence Rate at
(of Application Score) Year 1 Year 2 Year 3 Year4 Year)
Linear Spline 0.025  0.004 0.007 -0.021 -0.001
[0.024] [0.032] [0.034] [0.034] [0.035]
Quadratic Spline | 0.080***  0.061 0.091**  0.055 0.081*
[0.030] [0.040] [0.042] [0.043] [0.044]
Cubic Spline | 0.084**  0.031 0.068  0.027  0.049
[0.037] [0.050] [0.052] [0.055] [0.055]
Observations 19,256 19,256 19,256 19,256 19,256

Panel C: Potentially Displaced Sample
Dependent Variable: Persistence Rate at
Year 1 Year 2 Year 3 Year 4 Year )

AA Beneficiary | 0.031  0.011  0.015 -0.022 -0.003
0.035] [0.045] [0.048] [0.046] [0.047]
Observations 941 941 941 941 941

Notes: *** ** and * indicate statistical significance at the 1, 5 and 10 percent level respectively. Robust
standard errors clustered at the high school level are in brackets. The reported coefficients correspond to
separate regressions of the dependent variable on the variable ‘AA Beneficiary’, defined as 1 for individuals
that enroll thanks to the AA policy. Panel A: all non-parametric specifications use a rectangular kernel.
The local-linear bandwidths correspond to 5, 10 and 20 points of the normalized application score. Panel B
specifies linear, quadratic and cubic polynomial functions for the application score, allowing slopes to vary
at either sides of the class rank cutoff. Panel C reports results from a regression of each dependent variable
on the AA beneficiary dummy, for a sample that considers the AA beneficiaries and the group of regularly
enrolled students that would have been displaced by them, had the AA policy not consisted in extra slots.
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Table 3.9: Expanded Enrollment Opportunities for AA Eligible Applicants

Preference of Preference of Enrollment
Admission (7;:%) | 1 2 3 4 5 6 7 8 | Total

1 4 0 0 0 0 0 0 0 4
2 159 | 103 | 0 0 0 0 0 0 262
3 46 45 70 0 0 0 0 0 161
4 18 21 28 28 0 0 0 0 95
5 8 7 9 9 19 0 0 0 52
6 3 3 6 9 0 0 27
7 1 1 4 1 3 11 0 24
8 1 1 2 3 0 3 14
o] 21 17 16 11 8 1 0 0 74

Total 263 | 199 | 129 | 56 36 16 11 3 713

Eligible, not Beneficiaries (on the diagonal): 247

Eligible, and Beneficiaries (below the diagonal): 466

Notes: The preference of admission (j;;*) correspond to the eligible students’ best option, given the set
of majors A; where they would have been admitted by the regular system. The preference of enrollment
correspond to the preference at which students actually enroll. Among the 713 AA eligible students, 247 do
not become beneficiaries, while 466 do.

Table 3.10: Factual and Counterfactual Majors

Student | Enrollment Major-University Combination 5[1:;:12265;2%6 Score
1 Factual Medicine U. de Valparaiso —12
Counterfactual | Audiology  U. de Valparaiso +70
9 Factual Law U. de Chile —10
Counterfactual | Law PUC de Valparaiso | +49
3 Factual Odontology U. Austral de Chile | —3
Counterfactual | Nursery U. de la Frontera +45

Notes: Each of the three rows indicate the factual and counterfactual major for a particular beneficiary
student. The first row presents the case for a student that used the AA policy to enroll in Medicine
instead of in Audiology, within the same university (Universidad de Valparaiso). Note that she presented an
application score 12 points below the major’s cutoff. Had the policy not existed, her best option would have
been to enroll in Audiology, for which she presented a score 70 points above the Audiology’s cutoff score.
The same logic applies for the next cases. The second row illustrates a case where the beneficiary student
was able to enroll at a different university (U. de Chile instead of PUC de Valparaiso), within the same
major (Law). The third student was able to choose both a different major (Odontology instead of Nursery)
and university (U. Austral de Chile instead of U. de la Frontera).
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Table 3.11: Factual and Counterfactual Majors Quality

. Major Mean

Measure of Quality Factual Counterfactual | Difference
Prestige Index 5.32 5.11 0.21**
(0.03) (0.03) (0.03)

Expected Wages 2,329.00 2,053.00 276.00**
(67.95) (61.16) (48.39)

Notes: ** difference significant at 5%. Standard errors in parentheses. The ‘Que Pasa’ Magazine Prestige
Index ranges from 1.0 (worse) to 7.0 (best). Expected Wages are monthly quantities, expressed in US Dollars

(Year 2008).

Beneficiary Status vs Class Rank

Beneficiary Status
4 6 8 1

2

0
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Figure 3.5: Mismatch Sample: Beneficiary Status and Class Rank
Notes: The open circles plot the proportion of AA beneficiaries for class rank bins. The solid lines are local
linear regressions of beneficiary status using a rectangular kernel and an optimal cross-validation bandwidth

(~3 percentage points of class rank).
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Figure 3.6: Mismatch Sample: Class Rank Density
Notes: The open circles plot the raw density for class rank bins. The solid lines are local linear regressions
of density using a rectangular kernel with an optimal cross-validation bandwidth. A McCrary’s (2008) test
indicates that theres is no sorting in the vicinity of the class rank threshold. The discontinuity estimate is
given by .00323, with associated standard errors of .00270, hence non-significant.
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Female vs Class Rank

Lives in Capital Region vs Class Rank
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Figure 3.7: Mismatch Sample: Covariates Smoothness

Notes: The open circles plot the average values of each variable for class rank bins. The solid lines are fitted
values from local linear regressions using a rectangular kernel with an optimal cross-validation bandwidth.
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Public Health System vs Class Rank Scholarship Funding vs Class Rank
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Figure 3.8: Mismatch Sample: Covariates Smoothness (continued)

Notes: The open circles plot the average values of each variable for class rank bins. The solid lines are fitted
values from local linear regressions using a rectangular kernel with an optimal cross-validation bandwidth.
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Table 3.13: Mismatch Sample: Persistence Rates (coefficient on Best 5%)

Panel A: Non-Parametric Estimations

Local-linear Bandwidth | Dependent Variable: Persistence Rate at:
(of Class Rank) | Year 1 Year 2 Year3 Year4 Year5h

Bandwidth= 1 point | -0.019  0.056 0.313  0.641  0.751
[0.839] [0.649] [0.667] [0.611] [0.694]
Observations 124 124 124 124 124

Bandwidth= 3 points | -0.142 -0.170 -0.176 -0.122 -0.191
[0.153] [0.160] [0.170] [0.189] [0.191]
Observations 438 438 438 438 438

Bandwidth= 5 point | -0.028 -0.064 -0.080 -0.078 -0.084
[0.091] [0.098] [0.103] [0.107] [0.110]
Observations 729 729 729 729 729

IK Bandwidth 0.023 -0.077 -0.044 -0.007 -0.065
[0.072] [0.067] [0.070] [0.081] [0.068]
Observations 1015 1144 1083 981 1186

CV Badnwidth | -0.001 -0.061 -0.086 -0.082 -0.051
[0.089] [0.096] [0.100] [0.104] [0.114]
Observations 751 751 751 751 699

Panel B: Parametric Estimations

Polynomial Function | Dependent Variable: Persistence Rate at:
(of Class Rank) | Year 1 Year 2 Year3 Year4 Year5h

Linear Spline | -0.002 -0.010  0.035 0.027  0.019
[0.042] [0.044] [0.048] [0.049] [0.050]
Quadratic Spline | 0.004  0.005 0.041  0.007  0.011
[0.067] [0.071] [0.080] [0.078] [0.080]
Cubic Spline | -0.095 -0.107 -0.094 -0.058 -0.016
[0.089] [0.099] [0.108] [0.108] [0.110]
Observations | 2,404 2,404 2,404 2,404 2,404

Notes: *** ** and * indicate statistical significance at the 1, 5 and 10 percent level respectively. Robust
standard errors clustered at the high school level are in brackets. The reported coefficients correspond to
separate regressions of the dependent variable on the variable ‘Best5’, defined as 1 for individuals at the
top 5% from their high school. All regressions control for gender, high school quality, parental schooling,
household income, PSU and GPA scores, and public health use. The persistence rates equals 1 to students
that stay in their same pair school-major from year to year. Those that graduated early (or at shorter-
duration majors) are counted as persisted. Panel A: all non-parametric specifications use a rectangular
kernel. The local-linear bandwidths correspond to 1, 3 and 5 percentiles of class rank. The IK and CV
bandwidth represent the Imbens-Kalyanaraman and Cross-Validation method (Ludwig and Miller, 2007)
optimal bandwidths, respectively. Panel B specifies linear, quadratic and cubic polynomial functions for
f(rank;), allowing slopes to vary at either sides of the class rank cutoff.
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Table 3.14: Mismatch Sample: Enrollment Behavior (coefficient on Best 5%)

Panel A: Non-Parametric Estimations

Local-linear Bandwidth | Dependent Variable:
(of Class Rank) | Dropout Behavior Continuous Enrollment
Bandwidth= 1 point -0.406 0.707
[0.423] [0.559]
Observations 124 124
Bandwidth= 3 points -0.045 0.004
[0.078] [0.145]
Observations 438 438
Bandwidth= 5 point -0.052 0.024
[0.048] [0.088]
Observations 729 729
IK Bandwidth -0.021 0.013
[0.039] [0.062]
Observations 913 1009
CV Bandwidth -0.047 0.003
[0.046] [0.084]
Observations 751 751

Panel B: Parametric Estimations

Polynomial Function | Dependent Variable:
(of Class Rank) | Dropout Behavior Continuous Enrollment
Dropout Continuous
Linear Spline -0.001 0.009
[0.020] [0.040]
Quadratic Spline -0.012 0.006
[0.030] [0.066]
Cubic Spline 0.033 -0.099
[0.041] [0.097]
Observations 2,404 2,404

Notes: *** ** and * indicate statistical significance at the 1, 5 and 10 percent level respectively. Robust
standard errors clustered at the high school level are in brackets. The reported coefficients correspond to
separate regressions of the dependent variable on the variable ‘Best5’, defined as 1 for individuals at the
top 5% from their high school. All regressions control for gender, high school quality, parental schooling,
household income, PSU and GPA scores, and public health use. The persistence rates equals 1 to students
that stay in their same pair school-major from year to year. Those that graduated early (or at shorter-
duration majors) are counted as persisted. Panel A: all non-parametric specifications use a rectangular
kernel. The local-linear bandwidths correspond to 1, 3 and 5 percentiles of class rank. The IK and CV
bandwidth represent the Imbens-Kalyanaraman and Cross-Validation method (Ludwig and Miller, 2007)
optimal bandwidths, respectively. Panel B specifies linear, quadratic and cubic polynomial functions for
f(rank;), allowing slopes to vary at either sides of the class rank cutoff.
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Table 3.15: Mismatch Sample: Relative Persistence Rates (coefficient on Best 5%)

Panel A: Non-Parametric Estimations
Local-linear Bandwidth | Dep. Variable: Relative Persistence Rate at:
(of Class Rank) | Year 1  Year 2 Year 3 Year4  Yearh

Bandwidth= 1 point | -0.109  -0.155 -0.209 -0.178 -0.206
[0.142]  [0.149] [0.152] [0.151] [0.184]
Observations 137 137 137 137 137

Bandwidth= 3 points | -0.064 -0.131 -0.042 -0.051 0.038
[0.075]  [0.079] [0.081] [0.082] [0.094]
Observations 478 478 478 478 478

Bandwidth= 5 point | -0.015 -0.013  0.021 -0.001 0.121
[0.057]  [0.059] [0.062] [0.064] [0.075]
Observations 790 790 790 790 790

IK Bandwidth | -0.007  -0.029  0.005 -0.006  0.083
(0.038]  [0.053] [0.057] [0.056]  [0.067]
Observations | 1405 1035 990 1020 979

CV Bandwidth | -0.017 -0.026  0.000 -0.024 0.139*
[0.057]  [0.059] [0.061] [0.063] [0.076]
Observations 814 814 814 814 759

Panel B: Parametric Estimations

Polynomial Function | Dep. Variable: Relative Persistence Rate at:
(of Class Rank) | Year 1  Year 2 Year 3 Year4  Year )

Linear Spline | -0.006  -0.015  0.025 -0.007  0.097**
0.032] [0.035] [0.036] [0.037]  [0.043]
Quadratic Spline | -0.006 ~ 0.005  0.050  0.018  0.142**
0.055]  [0.059] [0.061] [0.061]  [0.063]
Cubic Spline | -0.117 -0.136* -0.073 -0.085 0.104
0.074] [0.082] [0.084] [0.083]  [0.088]
Observations | 2474 2474 2474 2474 2,474

Notes: *** ** and * indicate statistical significance at the 1, 5 and 10 percent level respectively. Robust
standard errors clustered at the high school level are in brackets. The reported coefficients correspond to
separate regressions of the dependent variable on the variable ‘Best5’, defined as 1 for individuals at the
top 5% from their high school. All regressions control for gender, high school quality, parental schooling,
household income, PSU and GPA scores, and public health use. I measure relative persistence as the
distance in persistence as compared to the mean from their respective major. Those that graduated early
(or at shorter-duration majors) are counted as persisted. Panel A: all non-parametric specifications use a
rectangular kernel. The local-linear bandwidths correspond to 1, 3 and 5 percentiles of class rank. The IK
and CV bandwidth represent the Imbens-Kalyanaraman and Cross-Validation method (Ludwig and Miller,
2007) optimal bandwidths, respectively. Panel B specifies linear, quadratic and cubic polynomial functions
for f(rank;), allowing slopes to vary at either sides of the class rank cutoff.
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Persistence at Year 1 vs Class Rank Persistence at Year 2 vs Class Rank
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Figure 3.9: Mismatch Sample: Persistence Rates

Notes: The open circles plot the average values of each variable for class rank bins. The solid lines are fitted
values from local linear regressions using a rectangular kernel with an optimal cross-validation bandwidth.
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Beneficiary Status vs Application Score
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Figure 3.10: Validity Sample: Beneficiary Status Conditions

Notes: The open circles plot the proportion of AA beneficiaries for application score bins.
The solid lines are local linear regressions of beneficiary status using a rectangular kernel
and an optimal cross-validation bandwidth.
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Table 3.16: Descriptive Statistics: Subsample with 1st Year GPA

AA Beneficiaries Regularly Enrolled

High School Class Rank (0 to 1) 0.98 0.77
(0.02) (0.22)

High School GPA Score 710.6 636.6

(46.9) (71.7)

PSU score 598.4 634.2

(56.1) (52.5)

Parental Schooling (Years) 12.3 14.4
(2.8) (2.9)

Public Health System Use (%) 0.75 0.44
Female (%) 0.56 0.41

Capital Region (%) 0.70 0.72

Publicly Funded School (%) 1.00 0.77
Observations 162 162

Notes: Standard deviation for the non-dichotomous variables are in parentheses. The AA beneficiaries (column
3) correspond to the subset of eligible students that enrolled using the AA policy. The regularly enrolled students
comprise all who enrolled according to the regular selection system in the same majors as the AA beneficiaries.
High-School GPA corresponds to the cumulative high-school grade average. The persistence rates equals 1 to
students that stay in their same pair school-major from year to year. Those that graduated early (or at shorter-
duration majors) are counted as persisted.
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CHAPTER 4
PERSISTENCE IN THE TRANSMISSION OF EDUCATION:
EVIDENCE ACROSS THREE GENERATIONS FOR CHILE

(With P. Celhay)

4.1 Introduction

Most previous studies of intergenerational transmission of human capital are restricted to
parents and their children. There is less direct evidence on mobility across multiple gen-
erations, which would better answer questions on how opportunities for economic success
evolve in the long run. However, very recent theoretical (Solon 2014, 2015; Stuhler 2012)
and empirical work is being developed to address this gap.! In fact, a rapidly evolving liter-
ature is emerging, studying mobility patterns across three or more generations in developed
countries.?

The results from this new empirical literature consistently show that multigenerational
persistence tends to be high compared to the predictions by seminal theoretical models
(Becker and Tomes 1979, 1986), which implied that advantages and disadvantages of ances-
tors tend to disappear rapidly. That older generations —beyond parents— influence children
outcomes has important implications for how we interpret intergenerational transmission of
human capital. In the absence of direct evidence for more than two generations, the litera-

ture previously extrapolated longer term mobility using the available parentchild elasticities.

When confronted by the new evidence, this procedure seems to have been mechanically

1. For instance, see the special issue on Inequality Across Multiple Generations (March 2014), based on
a recent conference organized by the Panel Study of Income Dynamics in Michigan.

2. Some examples are Chan and Boliver (2013) on class mobility and Long and Ferrie (2013) on occu-
pational mobility, for the UK; Olivetti, Paserman, and Salisbury (2014) on earnings mobility for the USA;
Hertel and Groh-Samberg (2014) comparing class mobility between the USA and Germany; Clark (2014),
who uses sur- names to study social mobility among a group of eight countries, and Lindahl et al. (2014,
2015) and Havari and Savegnago (2013) on educational mobility for Sweden, and for a group of European
countries, respectively.
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overestimating longer run mobility patterns.

The evidence found for developed countries leads to question whether similar patterns
hold for developing countries. Answering this turns to be of particular importance for the
Latin American region, where nations have been systematically characterized by low levels of
mobility across two generations as documented in Hertz et al. (2007) and Behrman, Gaviria,
and Szekely (2001).3 Understanding long-run mobility in developing countries would also
help to better track the effectiveness of social policies such as compulsory schooling laws and
higher education reforms, and to study whether such policies temporarily mask inequalities
among families or have lasting effects on individual’s relative fortunes and opportunities.

Despite its importance and due to lack of data, this evidence is rare. This paper is
one of the first to examine long-run educational mobility for a Latin American country.
We use a Chilean data set that enables us to link information on educational attainment for
three generations. To study the intergenerational transmission of schooling, we first estimate
standard reduced form equations for two and three generations. To this end, we use years of
completed schooling for each generation measured in both absolute and relative terms. Our
main findings can be summarized as follows. We find the coefficient between grandparents’
education and parents’ education to be 0.68, which decreases to 0.46 for parents and children.
This indicates that absolute mobility increased across generations, that is, that individuals
have consistently attained higher levels of education compared to their ancestors. However,
relative educational mobility has remained stable. An increase in one standard deviation
(SD) in grandparental education is associated with 0.59 of a SD for parents,® while the
same estimate for parents and children is 0.58. This suggests that the schooling attainment

ranking changes little between generations.

3. There is extensive previous research documenting intergenerational mobility on educational attain-
ment across different countries, contexts, and periods. Good examples are Bowles (1972), de Broucker and
Underwood (1998), and Jger (2007).

4. As a benchmark consider Hertz et al. (2007), which is a 50-year trends study across 42 countries that
showed that 1 SD difference in parental education corresponded to a global average educational difference
of 0.4 SDs in the subsequent generation.
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Importantly, our estimates show that grandparental education matters even after taking
parental education into account. Accordingly, the standard two-generation extrapolation
method under-predicts schooling persistence. This is consistent with the evidence found for
developed countries, albeit when estimated at higher levels of immobility. As described by
Solon (2015), there are many different processes capable of explaining these higher order
coefficient estimates. Grandparents may contribute beyond what is mediated through the
parent, either directly via interaction with their grandchildren (Zeng and Xie 2014), or

5 There may also be group effects associated with race

indirectly via genetic transmission.
or ethnicity (Nybom and Stuhler 2014; Oreopoulos and Page 2006) or even geo- graphical
differences (Chetty et al. “Is the United States Still a Land of Opportunity?” 2014, “Where
is the Land of Opportunity?” 2014) affecting the mobility patterns.

Our data allow us to examine how some of these factors relate to educational mobility.
In particular, we address the relationship among the educational mobility patterns and
institutional changes, geographical differences, and gender differentials. We first study how
the intergenerational transmission of schooling has evolved over time. A birth cohort analysis
shows that, in a context of high persistence, educational mobility has moderately increased
over time. Auxiliary data from the Chilean Census suggest that such patterns may be
attributable to changes in the distribution of education generated by institutional reforms,
such as compulsory schooling laws. We then perform a geographical analysis that reveals that
the national average educational persistence hides great heterogeneity within the country.
Mobility tends to be higher in areas outside the Metropolitan Region (MR), which is the
richest and most populated in the country. In addition, more mobile regions have lower
levels of income inequality. These facts are in line with the findings for the USA by Chetty
et al. (“Where is the Land of Opportunity?” 2014) and for comparisons across countries

such as Corak (2013), suggesting that place of birth is important for upward mobility in

5. Quoting Solon (2014), “ ... manifestations of family genetic traits can skip a generation’ (which) is
another way of opening up the possibility of a positive coefficient for grandparents’ status.”
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Chile. The next set of results show interesting gender differentials in the association between
three generations of the same family, consistent with the work for the USA by Olivetti,
Paserman, and Salisbury (2014). Children learn gender roles from their parents, and it may
be the case that children mimic other same-sex family members. Our findings indicate that
both grandparents matter for grandsons while only grandmothers influence granddaughters’
education. Paternal grandmothers are more influential than maternal ones suggesting that
gender plays a role in explaining schooling persistence.

In a nutshell, our findings show high persistence of schooling across three generations and
suggest different mechanisms that may explain such multi-dimensional phenomena. The rest
of this document proceeds as follows. Section 4.2 introduces and characterizes our data in
the context of the educational system of Chile and presents our methodology. Section 4.3
describes our basic estimates and the potential avenues through which mobility patterns

persist. Section 4.4 concludes.

4.2 Data and Methodology

We use the first wave of the Longitudinal Social Protection Survey (LSPS 2002), a repre-
sentative survey of the Chilean population affiliated with the pension system.% The survey
was mainly designed to collect information on individuals’ employment and social security
history. It also collects information for both parents and all children of the interviewee in-
cluding age and education. This is a particular advantage of using the LSPS compared to
other household surveys that only collect data on children currently living in the intervie-
wee’s household, which may lead to sample selection bias (Francesconi and Nicoletti 2006).

The LSPS 2002 original sample consists of 17 246 respondents drawn from a sampling frame

6. The following waves use the same individuals with data updated in 2004, 2006, and 2009. We use data
from 2002 since we would not gain any additional information from other waves and lose a substantial number
of observations due to sample attrition. On a related note, the sampling frame may under-represent lower
income households, working women, and workers with informal jobs. However, as we detail in Appendix 1,
our sample does not differ greatly in terms of average schooling attainment when compared to a nationally
representative sample.
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of approximately 8.1 million individuals. We restrict our analysis to living respondents who
have at least 1 child of 23 years old or older at the moment of the survey.” Our working
sample size consists of 4529 respondents born around 1944 (G2 generation), with information
on their parents (G1 generation),® born around 1925, and all of their offspring (G3 gener-
ation), born around 1968. Figure 4.1 shows the distribution of birth years by generation.
Generation 3 is restricted to be at least 23 years old, so its distribution is truncated at birth
year 1980.

The following rows display information for G3, the child generation. There are a total
of 12 648 observations in this generation, 51% of them are male, and they are 36 years old
on average. Regarding their schooling, they completed 11.3 years of education, and 27% of
them continued on to higher education. When comparing education by gender, both sons
and daughters achieve the same years of schooling on average. By a simple comparison of
means, Table 4.1 illustrates a steady increase in education over generations. This is the case
in both years of schooling and, more sharply, in higher education attendance. Next, we will

contextualize these schooling increments within Chile’s institutional changes.

4.2.1 Descriptive Statistics

Table 4.1 presents descriptive statistics for our sample.? The first panel shows the average,

SD, and number of observations for a set of variables regarding the generation of grandpar-

7. This is a standard procedure in the literature as carried out by Behrman, Gaviria, and Szekely (2001)
and Hertz et al. (2007). Moreover, evidence for Chile shows that schooling accumulation after 23 years old is
very low (Nunez and Miranda 2011). This restriction excludes 10 955 individuals whose children could still
be completing their schooling. See Appendix 1 for the full detail regarding the imposed sample restrictions.

8. 8. This is an approximate year of birth for the grandparents’ generation. The precise information is
not available in the survey for all of G1 individuals.

9. Our sample is one in which the survival rate of the second generation is equal to 1 by constructionalive
respondentswith a fraction of grandparents dead at the moment of the interview. Hence, the data do not
allow us to study the influence of grandparents on grandchildren in the absence of parents. Similarly, the
survival rate for those in the third generation is also equal to 1, because we are keeping respondents with at
least one son/daughter over 23 years old.
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ents (G1). These are variables reported by each interviewed individual about her parents. 0
The average years of schooling for grandparents is 4.4, in a context when Chilean legislation
had established 4 years of minimum mandatory education (explained in the next subsec-
tion).11 Grandfathers tend to be more educated than grandmothers with 5.1 and 4.1 years
of schooling, respectively. Furthermore, only a small percentage (3%) completed more than
12 years of schooling, which we label as having attended higher education institutions in
Table 4.1.

The next panel describes our sample of interviewed individuals or G2 generation. The
sample is 52% male, who are on average 60 years old and have finished 8 years of schooling.
The percentage of individuals with more than 12 years of schooling jumps to 15% in this
generation, with no evidence of differences in schooling by gender. In addition, 29% of the
second generation attended primary school in the MR of Chile.?

The following rows display information for G3, the child generation. There are a total
of 12 648 observations in this generation, 51% of them are male, and they are 36 years old
on average. Regarding their schooling, they completed 11.3 years of education, and 27% of
them continued on to higher education. When comparing education by gender, both sons
and daughters achieve the same years of schooling on average. By a simple comparison of
means, Table 4.1 illustrates a steady increase in education over generations. This is the case
in both years of schooling and, more sharply, in higher education attendance. Next, we will

contextualize these schooling increments within Chile’s institutional changes.

10. As a check, we use the 1960 Chilean Census to compare the overall schooling distribution for individuals
born in the same birth cohorts as the G1 sample. We find that our sample is very similar to the one in the
Census 1960.

11. G1 schooling corresponds to the mean schooling of both grandfather and grandmother. If there is a
missing value, we only consider the schooling of the non-missing ancestor. In all regression analyses, we
control for a missing value indicator.

12. The MR contains the capital of the country, Santiago. By the time of the survey, 40% of the population
lived in the MR.
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4.2.2  FEducational Changes in Chile

We need to provide some context regarding the Chilean educational system to describe the
basic features of our data. This will give the reader a better understanding of the results we
present in Section 3.

By 1920, the Chilean legislation had established four years of minimum mandatory edu-
cation, which was increased to six years by 1929. Through 1965, primary education consisted
of six years of schooling, while the secondary level required students to complete six addi-
tional years of education. The 1965 reform extended primary education to 8 mandatory
years, ideally for ages 614, while secondary school required 4 more years of schooling. These
reforms had the expected effect on school coverage; by 1970, there was universal coverage
(97%) in primary education, while secondary schooling increased sharply from 18% to 50%
of the population between 1964 and 1970. Over the next decades, coverage in secondary
schooling continued to increase to 65% in 1982 and 77% in 1990 (see Elacqua 2011).

Figure 4.2 shows the distribution of years of schooling for the three generations. G1s have
a median of 4 years of schooling, while G2s have 6 years and G3s 12 years. Consistent with
the institutional arrangements described above, the schooling distribution shifts to the right
with younger generations. It is worth noting the relatively high proportionapproximately 1
out of 4of G1s that did not complete even 1 year of education. In the next generation, this
proportion reduces to about 1 out of 20, while in the subsequent generation (G3) almost
all individuals had at least some schooling. Both grandparental and parental generations
experience a spike at six years of schooling suggesting that the 1929 mandatory primary
education law affected both. Meanwhile, G3 features its highest spike at 12 years of school-
ing. In this generation, around 58% of individuals completed at least secondary education.
Even though these cohorts were not subject to any compulsory law mandating 12 years of
education, secondary school coverage increased heavily since 1970.13 One hypothesis that

could explain this phenomenon is that the mandate for eight years of schooling in 1965 also

13. That law was implemented much later around 2003 (Congreso Nacional de Chile 2003).
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had an effect on completing secondary school, since it lowered the time needed to get a high

school diploma from six to four years.!4

4.2.8 A Graphical Approach to Mobility Across Generations

Our first approach to mobility across generations is shown in Figures 4.3 and 4.4. In the first
figure, we plot the average years of schooling of generation t in the y-axis against the years of
schooling of generation t1 in the x-axis. In the second figure, we plot the corresponding SD of
schooling. The triangle dots correspond to the analysis of G1 and G2, while the circular dots
represent the analysis of G3 and G2. The diagonal is a 45-degree line. These graphs are useful
for at least two important reasons. First, they provide a notion on how mobility behaves
at the bottom and the top of the schooling distribution. Second, the slopes depicted by the
dots represent a graphical approximation of the regression coefficients between generations,
which we present in the next section.

Figures 4.3 and 4.4 give us a first view of how absolute and relative mobility evolve across
generations, respectively.

For G1G2, Figure 4.3 shows high mobility at the bottom of the schooling distribution
of G1, since most of the triangular dots for the first 8 years of education in this generation
(x-axis) are far above the diagonal in the next generation (y-axis). Individuals continue to
have more years of education than their parents until 12 years of school. After that the
triangular dots are not statistically distinguishable from the diagonal,'® which implies that
there is less mobility at the top of the schooling distribution. A similar result is shown
in the transition of the next two generations, G2G3. The figure shows that there is even
higher mobility at the bottom than for G1G2, because circular dots are further away from

the 45-degree line before 8 years of schooling. The pattern described in Figure 4.4 is similar:

14. Probably, the returns from those additional four years of schooling were much higher than dropping
out of school and entering the labor market. The assumption here is that labor market demand and supply
forces were playing an important role on students’ decision to continue and complete 12 years of schooling.

15. This is mainly due to the fact that we have very few grandparents with education above 12 years of
schooling so that the estimates of the education mean for those years are much less precise.
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higher mobility at the bottom (dots above the 45 degree line) and lower mobility at the top
(dots below). However, while absolute mobility across two generations increases as we move
forward in the generational spectrum in Figure 4.3, it remains basically unchanged in Figure
4.4 when we use measures of relative mobility. In the latter, both G1G2 and G2G3 depict
the same pattern. This suggests that even though younger generations attain higher levels
of education than their ancestors, their relative position in the schooling distribution does

not change significantly.

4.2.4  Econometric Specifications

Our econometric specifications follow standard descriptive analyses of mobility between ad-
jacent generations, based on the estimation of a reduced form equation derived from the
microeconomic model in Becker and Tomes (1979, 1986). We first estimate a linear regres-
sion of years of education of generation (t) on years of education of an older generation

(t — s)in the same family, of the form,

Sit = Bo + B15i1—s + flagei, age; 1 —s) + &t (4.1)

where s [ 1,2 and f (ageit,ageits) summarizes the fact that we include a quadratic function
for the age of each generation in the regression. In this setting, the slope 1 is a measure
of immobility. It can be interpreted as a measure of absolute mobility, as it indicates how
an additional year of education in generation t s changes education for generation . If S;;
defined relative to its distribution, then the coefficient 31 represents a measure of relative
mobility, indicating how the education attainment ranking changes from one generation to
another.

As discussed in Section 4.1, a multitude of processes may rationalize multigenerational

mobility patterns. We follow Solon (2014) and trivially extend his “income mobility” model
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to a three generations “educational mobility” setup.l® Utility-maximizing parents are con-
cerned about the welfare of their children, and now the process describing how endowments
are related over time is allowed to be AR(2). This opens the possibility of grandparent
contribution beyond mediated contributions through parents. As we derive in Appendix 2,

the model collapses to the following reduced form equation:

Sit = Bo + B1Si1—1 + B2Si1—2 + f(agey, age; 1—s) + it (4.2)

which previous researchers have estimated for developed countries (for instance, Behrman
and Taubman 1985, for the USA, or more recently, Lindahl et al. 2015, for Sweden). In
specification (2), (51 reflects the influence of parental education on children’s education,
conditioning on grandparental education. Likewise, our parameter of interest Jo reflects the
association between grandparents’ and children’s education, taking into account the parental
factor. We are interested in testing the null hypothesis Hy : 9 = 0. If rejected, it provides
evidence of higher order levels of persistence in educational outcomes. In the next section, we
present baseline results from the estimation of Equations (4.1) and (4.2). Then, we extend
our analysis to study how mobility patterns have evolved over time, how they vary with
geographical differences, and whether gender plays a role in the persistence of educational

mobility over three generations.

4.3 Results

4.3.1 Basic Results

In this section, we present our basic estimates of intergenerational mobility using both ab-
solute and relative measures. Table 4.2 exhibits the estimated transmission coefficients for
years of education across the three generations under study. Estimates in columns (1)(3)

show the results from the bivariate regression (4.1), and column (4) shows the result from

16. The microeconomic model extended for three generations is derived in Appendix 2.
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estimating equation (4.2).

The association between educational outcomes for parents (G2) and their children (G3),
as given in column (2) shows that there is a persistence of about 0.46 in absolute terms.
In other words, one additional year of school for parents is related to about half of another
year for their children. This is in the same order of magnitude as those found for Chile by
Celhay, Sanhueza, and Zubizarreta (2010) and Nunez and Miranda (2011), and similar to
the magnitudes reported by the World Bank in Ferreira et al. (2013). In relative terms,
an increase in one SD in parental education4.7 years of schooling in our sampleis associated
with 2.2 additional years of schooling in the next generation. This represents approximately
0.58 of a SD, as shown by the standardized coefficient in parentheses in column (2).

An interesting result, shown in column (1), is the high persistence in schooling between
grandparents and parents. An additional year of education in the grandparent generation
(G1) is related to 0.68 years of schooling in the next generation (G2). In relative terms,
one additional SD in Glequivalent to 4.1 more years of schoolingis associated with 3.2 addi-
tional years of schooling for G2 or 0.59 of a SD. These results indicate that absolute mobility
increased Chile (0.68 to 0.46 years), while relative schooling mobility increased only moder-
ately from G1G2 (0.59 SD) to G2G3 (0.58 SD). This is consistent with the slopes depicted
in Figures 3 and 4.

These findings also show that if we compute mobility across three generations by the
standard two-generation exponentiation procedure, we would be under-predicting intergen-
erational persistence in educational attainment over three generations for both absolute and
relative measures. Suppose, as is the typical case, that we only had the association be-
tween educational outcomes for parents (G2) and their children (G3) as shown in column
(2). According to the extrapolation by exponentiation method,}” we would predict a fairly

low coefficient for the association between G3 and G1, given by 0.462 = 0.21. However,

17. Consider S;; = Bo + 1.5i,t—1 + &ir. If we assume the exact same process for the past generation, then
Sit—1 = Bo + B1Si,+—2 + &ir—1. Replacing the second in the latter, we get S;; = ag + a1.5;t—2 + €4+, where
ag = Bo+ B1, a1 = A%, and ey = B1&—1 + i
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the estimated coefficient 0.39 presented in column (3) is about twice as large. Note that
although less severely, this also happens for the relative mobility measure.

Is this grandparental influence acting only through the parents’ education? If so, we would
expect the coefficient on grandparents’ education to be zero when we estimate Equation
4.2. However, column (4) shows that, even after conditioning on parental education, the
grandparent factor does not fade out, rejecting the null hypothesis Hy : $9 = 0. In other
words, there is a persistent association between G1 and G2, despite the fact that there is
one generation or an average of 50 years between the births of G1 and G3.

Lindahl et al. (2015) estimate similar specifications for Sweden, which provides a bench-
mark to interpret the coefficients for Chile described above. For cohorts that were born
in similar years such as ours, their standardized estimated coefficients of Equation (2) are
0.267 for parents (0.499 in our specification) and 0.110 for grandparents (0.120 in our spec-
ification), respectively. Interestingly, even in a highly mobile country such as Sweden, the
grandparental factor has an independent (from the parent) direct association when predict-
ing grandchildren’s years of education. Why do we get this prevalence of schooling over more
than one generation? The next subsections of results explore possible avenues through which

the transmission of human capital persists over more than one generation.

4.3.2  Changes Over Time: Institutional Channel

We extend the baseline equations to study how mobility among generations has changed
over time, and then relate it to the trends in mobility and institutional changes Chile has
experienced. First, we construct a variable for the birth cohort of G3. Table 4.3 shows the
distribution of birth cohorts grouped into five-year periods.!® To test for changes in educa-
tional mobility across time, we interact G2’s education in Equation 4.1 and G1’s education

in Equation 4.2, with a binary indicator for each cohort group in Table 4.3. In addition, in

18. We pool observations born between 1920 and 1944 due to sample size restrictions and use this cohort
as our base group.
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the regressions of children’s education on grandparents’ education, we always condition on
parents’ years of education, unless stated otherwise.

The results are shown in Table 4.4. The first column shows the estimated parameters
from Equation 4.1, relating parents’ years of education (G2) to children’s years of education
(G3), controlling for cohort effects. The negative sign on the interaction coefficients and
the fact that they are increasing in absolute value for younger cohorts are indicative of
a consistent pattern of increasing mobility between generations G2 and G3 over time!?
The second column shows the results for the same regression, but now for grandparents
(G1) and children (G3), controlling for parental education and cohort effects. Similarly, the
pattern over time displays an increasing trend in mobility between grandparents and their
grandchildren.

A visual test of differential trends is shown in Figure 4.5, where we plot the coefficients
from Table 4.4. Interestingly, we see a relatively steeper trend for cohorts born between
1950 and 1964 in both cases, after which the differences from one cohort to another are
less obvious. This is more evident when we look at the relation between grandparents’ and
children’s education.2’

One explanation for such change may be attributed to institutional rearrangements. In
1965, Chile implemented a compulsory schooling law that established mandatory attendance
to primary school that, at the time, corresponded to eight years of schooling.2! Oreopou-
los and Page (2006), for the UK, and Nybom and Stuhler (2014), for Sweden, show that
compulsory laws have a significant effect on the distribution of schooling for the affected

generation. In particular, one may expect compulsory laws to increase the mean and shrink

the variance of schooling for the affected cohort, as compared to the precedent cohort not

19. The F-test for the joint significance of the interaction terms is at the bottom of the table.
20. 20. An analog analysis using relative measures of mobility finds the same results (see Figure 4.9).

21. In this same period, to attend the increase in demand as a result of the compulsory schooling law,
there was an important expansion of government spending in school infrastructure, teacher training, and
food provision in schools, among others. See Gobierno de Chile (1962) and Schiefelbein (1976) for references
and anecdotal evidence.
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affected by the law.

We show that this is the case for Chile using data from the 2002 Census. Figure 4.6 plots
the mean and SD of years of education for each of the G2 cohorts in our sample. The figure
illustrates that for birth cohorts that were potentially affected by the compulsory law, that
is, those born after 1950, the mean shiftsslightly, and the SD decreases dramatically until
1961. This period coincides with the time of the acceleration in the downward trend shown
in Figure 4.5, suggesting that the correlation of G3 education with G2 or G1 education
decreases as compulsory laws reduce the dispersion of children’s educational attainment.
Hence, the data support that compulsory educational laws represent a driving mechanism

for upward mobility.

4.3.8 Is it Location? Geographical Differences

Recent studies for other countries have shown that intergenerational mobility varies sub-
stantially across geographical areas.?2 For instance, Chetty et al. (“Is the United States
Still a Land of Opportunity?” 2014, “Where is the Land of Opportunity?” 2014) find that,
in the USA, more racially and income segregated areas as well as higher income inequality
areas have lower levels of mobility, and that the quality of local school supply in the K-12
system is positively correlated with mobility. Regarding Chile, there is important geograph-
ical variation in terms of school quality, local labor markets, culture, economic activity, and
income inequality (Agostini and Brown 2007). In the northern regions, the main economic
activities are commerce and mining, while the economy in southern regions is concentrated
in agriculture. In addition, households in northern regions have higher than national av-
erage household income, while the south has more impoverished households.2? These facts

motivate us to study how intergenerational educational mobility differs across the country.

22. See Corak (2013) for a cross-country variation.

23. See Contreras (2001) for an analysis of the evolution of poverty by Regions between 1990 and 1996.
See Gobierno de Chile (2013) for Regional differences in poverty rates and average household income in year
2012.

175



Historically, Chile has been geographically divided into 13 different regions,?* with the
MR being the most populated followed by the 8th and 5th Regions. These three regions rep-
resent about 62% of the country’s population, and their main cities are considered as the
three great urban centers of Chile. Our data allow us to study changes in intergenerational
mobility by grandparents’ place of origin. Ideally, one would have the birthplace to test for
differences by origin. Given that the survey we use lacks this information, we approximate
grandparents’ place of origin by the region in which G2 attended primary school. One
important question remains: how much did regions differ when G2 was growing up? To
address this issue, we do the following. The median birth cohort of parents is 1940. Hence,
using the Chilean Census of 1960, we can study regional differences in different out- comes
by the time the median G2 was 20 years old. In particular, for each region, we compute the
percentage of people who attended less than primary school, the percentage of households
without sewage and piped water, and the concentration of industries as reported by employed
respondents in the Census. These are shown in Table 4.10. All in all, the patterns of regional
differences explained above are similar to the ones in 1960.

In the following, we test for whether the coefficients found in Table 4.2 between G1 and
G2, and the ones between G1 and G3, differ by the place where G2 attended primary school.
We concentrate on differences from all regions with respect to the MR, that is, the capital.
We hypothesize that the MR may have presented better economic opportunities at the time,
and hence this comparison would help to test whether intergenerational patterns vary with
local characteristics.

In particular, we construct a binary indicator for each region according to G2’s primary
school and interact each of these indicators with G1’s education level. We regress the years
of schooling of G2 against that of G1, its interaction with the regional indicators, main
effects, and all of the controls included in our baseline results. The coefficient of each inter-

action shows the differences in the education correlations for those in G2 who attended

24. 24. Since 2007, the number increased to 15.
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primary school in these regions as opposed to the MR. We perform the same analysis using
G3 schooling as the dependent variable.

The results are shown in Table 4.5. Each coefficient is in deviation from the MR, the omit-
ted category.2> The first column shows the differences across regions in schooling mobility
between grandparents and parents (G1G2). In the MR, an additional year of grandparents’
education is associated with 0.63 additional years of schooling for the parents. The interac-
tions show that the relation between grandparents’ and parent’s education is lower for 7 out
of the remaining 12 regions. In particular, it shows significantly higher mobility in Regions 5
and 3 and lower mobility in Region 4 with respect to the MR. The cross-regional differences
are jointly significant.

Grandparents may invest in their children thinking about the welfare of the grandchildren
generation, among many other reasons. However, their direct influence in the success of
grandchildren can be offset or complemented by parent’s actions. We run Equation 4.2 to
test for whether there are significant cross-regional differences in mobility between grand-
parents (G1) and their grandchildren (G3), using the region in where the parent (G2) went
to primary school. Column (2) in Table 4.5 shows the results of estimating Equation 4.2
with the regional interactions. There still is significant geographical heterogeneity; however,
there is a less consistent cross-regional pattern as the one shown previously.

The results in Table 4.5 mirror those in Figure 4.3 where we document higher educational
mobility at the bottom of the schooling distribution. In fact, previous studies for Chile find
that there is high mobility at the bottom and low mobility at the top of the distribution for
different economic outcomes (see Torche 2005). Thus, we would expect to see higher mobility
in regions outside the MR since those regions would have been the most disadvantaged for
G1. The fading effect in upward mobility outside the MR, when we study mobility from
G1 to G3, may be due to the fact that G2 sorted into different regions of the country, so

locational differences for their offspring do not follow the same pattern.

25. We group all observations using the former divisions, which consisted of 13 regions in total.
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The relation between intergenerational mobility and income inequality has started to be
addressed in the literature, mainly due to the work by Corak (2013). He reports a high
correlation between intergenerational elasticities of income and income inequality measured
by the Gini coefficient using data from 13 developed countries. In addition, Chetty et
al. (“Where is the Land of Opportunity?” 2014) construct measures of inter-generational
elasticities in income and income inequality for all commuting zones in the USA to study
geographical patterns of intergenerational mobility, finding a strong negative correlation
between income inequality and upward mobility. We carry out a similar analysis here, applied
to intergenerational educational mobility. Figure 4.7 exhibits, in the y-axis, the correlation
between the region-specific mobility coefficients from Table 4.5 plotted against regional Gini
coefficients, in the x-axis.26 The first panel shows the relation between the Gini coefficient
and the schooling coefficients for schooling of grandparents and parents (G1G2), and between
schooling of grandparents and years of schooling of their grandchildren (G1G3). The second
panel shows a similar analysis using the probability of attending higher education as the
outcome for children.2” Both panels show a positive relation between downward mobility (a
higher coefficient) and inequality across regions in Chile.2® This is more evident when we
use the probability of attending higher education as the dependent variable.2?

We believe that these results are important in shedding light on how geographical dif-
ferences matter for upward educational mobility. Differences in education may be driving
cross-regional differences in inequality that could be explained by local institutions, char-

acteristics of residents, local labor markets, or other factors. Tracking outcomes at local

26. The different size of the regions is considered by the diameter of each circle or triangle. The biggest is
the MR.

27. We run our regressions using the probability of having more than 12 years of schooling as the dependent
variable. Higher education is an interesting variable to study since access to higher education is more related
to family background given its higher costs, while earlier education may be more inclusive and may grow
mechanically with local school supply expansion and compulsory schooling laws.

28. As a reminder, higher coefficients in the regressions are interpreted as lower mobility. Hence, the graphs
are showing a positive relation between downward mobility and inequality.

29. We performed the same analysis using relative measures of mobility and the same results were found
(see Figure 4.10).
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geographical levels is a first step to study, for instance, the importance of the design of

decentralized policies in highly centralized countries, as is the case in most of Latin America.

4.3.4 Does Sex Matter? Gender Differentials

Gender roles are related to social norms and cultural attitudes (Farree and Vella 2013; Moen,
Erickson, and Dempster-McClain 1997), which may play a role in explaining schooling per-
sistence. Children learn gender roles from their parents, and it may be the case that children
mimic other family members such as grandparents. Two-generational mobility studies have
found that parents and children of the same gender have stronger ties when measured by the
intergenerational educational transmission compared to cross-gender relationships (Fernan-
dez, Folgi, and Olivetti 2004; Olivetti and Paserman 2013). In this section, we present novel
evidence of the role of gender in explaining educational mobility across three generations.

The nature of our data allows us to study patrilineal and matrilineal lineages (Chan
and Boliver 2013; Hertel and Groh-Samberg 2014), that is, lineages composed by paternal
grandfathers, fathers, and sons, and maternal grandmothers, mothers, and daughters, re-
spectively. Figure 4.8 describes such lineages. For instance, if the survey respondent was the
father (mother) of the household, we have information on paternal (maternal) grandparents
and children.3Y Therefore, we can take a finer step than in previous analyses and estimate
gender-specific intergenerational coefficients.3!

Tables 4.6 and 4.7 present the results for the patrilineal and matrilineal estimations,
respectively. Columns (1) and (2) from Table 4.6 exhibit coefficients using the son’s years of

education as the dependent variable and father’s and grandfather’s education as explanatory

30. From the 4529 respondents, 2395 are men and 2134 are women. Following the patrilineal lineage, the
male respondents have 7029 children, 3647 sons and 3382 daughters. The number of sons with complete
information on both their grandmother’s and grandfather’s schooling, parental education, and age is 2577.
There are 2414 daughters with the same data. Regarding matrilineal lineage, the 2134 women report having
5698 children older than 23 years of age. Of them, 2827 are sons and 2871 are daughters. The number of
them with complete information is 2333 for both sons and daughtersby chance the same number.

31. By restricting the sample to specific genders in G1, G2, and G3, our sample size diminishes markedly.
Regrettably, this prevents us from performing lineages analysis by cohorts given the low number of observa-
tions available for the combination gender-generations-cohorts.
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variables. The first result is that an additional year of grandfather’s education is significantly
associated with 0.090 school years for the grandson after we take paternal education into
account. When we include grandmother’s education in column (2), the paternal grand-
father’s coefficient remains significant, but the grandparental effect appears to be divided
in similar magnitudes between the two. The relation of grandmother’s and grandfather’s
education to the grandson’s education is statistically indistinguishable from each other.

Column (3) shows a similar result for granddaughters. An additional year of schooling for
grandfathers is associated with 0.085 years of education for granddaughters. However, once
we control for grandmother’s education, the results show that the grandparental influence is
due to only grandmothers. An additional year of grandmother’s schooling is associated with
0.159 additional years of schooling for granddaughters, while the effect of grandfathers is not
distinguishable from zero. This suggests that while both patrilineal grandparents matter
for the grandsons’ education, granddaughters’ years of schooling are mostly related to their
grandmother’s education.

An analogous analysis is carried out for matrilineal lineages in Table 4.7. Column (1)
shows that an additional year of grandmother’s education is associated with 0.079 years of
grand- daughter’s education after we condition for the mother’s education. This effect holds
after we include the grandfather’s education, which appears to be non-significant. Columns
(3) and (4) replicate these analyses for sons. While there is a significant coefficient for grand-
mother’s schooling on grandsons’ education, it vanishes when we control for grandfathers.

These results suggest that grandsons benefit from both grandparents within the patri-
lineal lineage, while the maternal grandfather has the strongest influence for the matrilineal
lineage. Meanwhile, the association between grandmother and granddaughters is significant
for both lineages, but its magnitude is markedly higher within the patrilineal lineage.?? That
is, women born to low-educated grandmothers and high-educated grandfathers have lower

education than granddaughters born to higher educated grandmothers and lower educated

32. Results are similar when considering the relative measure of mobility as shown in Tables 4.11 and 4.12.
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grandfathers. This evidence supports the notion that having more educated same-sex an-
cestors matters more for women and suggests that gender-related social roles may be passed

along generations within families.

4.4 Concluding Remarks and Discussion

This paper contributes to a recent and increasing literature studying intergenerational mobil-
ity across multiple generations. It is one of the first to address long-run educational mobility
for a developing country, complementing the new wave of American and European studies
that go beyond two generations to understand the evolution of inequality. In particular, we
present novel evidence on educational mobility patterns across three generations in Chile.
We study intergenerational transmission of schooling by estimating standard reduced form
equations for two and three generations. We first find that there is higher mobility at the
bottom and lower mobility at the top of the schooling distribution of the precedent gen-
eration for both absolute and relative mobility measures. This holds for transitions from
grandparents to parents and parents to children. We also find that absolute mobility in-
creased across generations, that is, that individuals have consistently achieved higher levels
of education compared to their ancestors. This can be a reflection of the rise in economic
growth and mandatory schooling reforms experienced by Chile. Meanwhile, relative educa-
tional mobility has remained stable, which suggests that the schooling attainment ranking
has not changed significantly from one generation to another.

An important result from this paper is the finding of persistence in education between
grandparents and grandchildren even after conditioning for parental education. This result
illustrates that, even in a context of high immobility, the transmission between grand- par-
ents and grandchildren is under-predicted by the standard simple extrapolation of a two-
generational regression coefficient. This finding is consistent with the evidence found for
developed countries (Lindahl et al. 2015).

We then extend this analysis aiming to get a better understanding on the different mech-
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anisms through which human capital (im)mobility persists; in particular, we examine the
relationship among educational mobility patterns and institutional changes, geographical
differences, and gender differentials. Evidence shows that upward mobility in education has
increased with younger cohorts, and that such changes may be attributable to compulsory
schooling laws (as found by Oreopoulos and Page 2006 and Nybom and Stuhler 2014 for de-
veloped countries). Our results also suggest that there is important heterogeneity in mobility
across regions in Chile, and that regional inequality and mobility are negatively correlated,
consistent with what has been recently found for the USA, by Chetty et al. (“Is the United
States Still a Land of Opportunity?” 2014, “Where is the Land of Opportunity?” 2014) and
by Corak (2013) in a cross-country comparison. This result sheds light on the importance of
parents’ place of origin in upward mobility. Finally, a gender lineage analysis indicates that
while grandsons benefit from the education of both grandparents, grandmothers influence
strongly granddaughters’ education levels. This suggests that gender-related models may be
transmitted within the family even across generations, which is similar to recent findings by
Olivetti, Paserman, and Salisbury (2014) for the USA.

A vast new literature is being developed to study correlations between multiple gener-
ations in different outcomes such as education, income, social class, and occupation. Our
results contribute to this literature by presenting the first evidence for a Latin American
country. We understand that surveys like the one we use in this paper are being imple-
mented in other nations from the region. This will surely boost Latin American research
on the topic in the near future. Our findings indicate that beyond nuclear family, family
members like grandparents matter for educational mobility. Therefore, studying how grand-
parents influence their grandchildren can benefit the understanding of long-run mobility.
Challenges for future work are clearly directed in understanding the role of grandparents
and to pin down the causal channels of persistence. Still, the evidence so far indicates that
family back- ground effects can be longer lasting than previously believed, affecting the en-

dowments and idiosyncratic capabilities of children. This needs to be taken into account by
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policies aimed at improving human development and reducing inequality.
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4.6 Appendix

4.6.1 Appendiz 1. Data sample restrictions

Data set sample restrictions: for the purpose of our analysis, we restrict the sample in
different ways. The original sample consists of 17 246 individuals. We exclude those that
are dead at the moment of the interview (937), and have no children that are 23 years
old at the moment of the interview (10 955). This leaves 5354 “usable” primary sample
members. In addition we have problems of missing data on the first generation (765), missing
data on education (11), and age inconsistencies between generations 2 and 3. We drop 71
observations for which the difference in age between generations 2 and 3 is less than 14 years
old. We attempt to control for the missing data problem or show robustness of our results by
adjusting sampling weights by Inverse Probability Weighting (see Wooldridge 2007). Briefly,
we run a probit model of a binary indicator that equals 1 if the information is missing and 0
otherwise on region of residence age and gender. We adjust the initial sampling weights by
the predicted probability of this model. We report results with and without this adjustment
in Table 4.8, which show little differences and provide us more confidence on the robustness
of our findings.

An additional note on the data set is given by Bravo, Mukhopadhyay, and Todd (2010).
As they describe, the sampling frame of the 2002 survey consists of individuals enrolled
in the social security system for at least 1 month during the 19812001 time period, which
included individuals who in 2002 were working, unemployed, out of the labor force, receiving
pensions, or deceased (in which case the information was collected from surviving relatives).
The sample was drawn from a sampling frame of approximately 8.1 million current and
former affiliates compiled from official databases (which covers approximately 75% of the
population). The sampling frame for the next survey, in 2004, was augmented to include
individuals not affiliated with the social security system, so that the sample is representative

of the entire Chilean population over the age of 15. In their paper, Bravo, Mukhopadhyay,
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and Todd (2010) supplemented the 2002 survey with 2004 information. Regrettably, we
cannot do the same for our purposes, given that the 2004 wave did not collect information
on all of the respondent’s offspring education. Therefore, we stick with the 2002 information
only.

On a concluding mark, the representativeness of our sample is of those affiliated to the
pension system in year 2002 and with at least 1 child of 23 years old or more. To check
how the lack of national representativeness was affecting the robustness of our results, we
computed the schooling attainments for the 2004 LSPS sample. We found the fraction of
individuals with higher education to be lower in the nationally representative sample, but
differences were not huge (12% compared to 15% in our sample). In addition, we found the

average years of schooling to be eight years of education, as in our 2002 sample.

4.6.2  Appendixz 2. The extended economic model of intergenerational
mobility

Existing theoretical models of intergenerational transmission of socioeconomic status have
strong implications for the association of outcomes across multiple generations of a fam-
ily. These models, however, do not encompass many plausible avenues for transmission
across multiple generations. Solon (2014) extends existing models to encompass some of
these avenues and draws out empirical implications for the multigenerational persistence of
socioeconomic status.

We present theoretical intergenerational mobility model of schooling, which adds the pos-
sibility of grandparental contribution to the child education (building on Solon (2014), and
Behrman and Taubman 1985, both in the spirit of Becker and Tomes 1979). The following
four equations describe the basics of the model. Parents are budget constrained, so they
divide their income into consumption and investment in their child human capital (equation
(4.3)); there is a technology that transforms that investment into human capital (schooling)

for the child (equation (4.4)); an AR(2) process (hence, allowing grandparental contribu-
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tion®? beyond the contribution mediated through the parent) describes how endowments are

related over time (equation (4.5)); and human capital (schooling) translates into earnings in

the labor market according to equation (4.6).

Yit—1=Cit—1+ L1

Sit = 0log(I; 1—1) + ejt
eit = 0 + A€ 11+ Aaej o + vt

log(yit) = 1+ pSit

(4.3)

(4.4)
(4.5)

(4.6)

Parents have an altruistic utility function depending on their own consumption Cj ;1

and their children’s (expected life time) earnings. This variable, in turn, depends on the

investment made by parents I; ; 1. Parents maximize utility over consumption and invest-

ment, subject to the budget constraint (equation (4.3)).

max (1 —a)log(Cj4—1) + alog(y;t) st. (4.3)
Cig—1:1i1—1

Also, note that consider lagging (4.6)

log(yit—1) = 1+ pSit—1

and therefore,

Cr1 =exp(p+pSip—1) — It

33. As pointed out by Stuhler (2012), Lindahl (2013B) and others, there are other ways to extend the

underlying Becker-Tomes model.
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Additionally, consider replacing (4.4) in (4.6),

log(yit) = 1+ pSit

log(yit) = p+ p(0log(L; 1—1) + e;t)

and denote y; = pf the elasticity of the child’s income with respect to investment in the

child’s human capital,

log(yit) = p+y1log(l; 1—1) + pei

So if parents are aware of equations (4.4) - (4.6), the objective function can be re-written

in terms of [; 4 1 as,

max (1 —a)logC; 1 + alog(y;) st. (4.3)
Cit—1,1i 11

max (1 —a)log(exp(u +pSit—1) = L—1) + alu+mlog(lip-1) +peir) st (4.3)
it—1

with first order conditions given by

11—« a1

exp(u+pSi—1) —Ligz—1 Lz

Hence, the optimal investment in human capital is given by

anl

o =—————exp(u+pS; 4+
1= G = 1) £ 1 p(p +pSit—1)
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Therefore, replacing in (4.4), we get an equation relating the child’s schooling with the

parental schooling,

Sit = Olog(1]'y_1) + et

a1
Sip =0 |log| ——————— | + n| +71Si4-1+ €
it ’ {09 (a(’71+1)—1) Ml Y1Rit—1 T it

=70

Sit =7 + 7155 t—1 + €it

Still, we need to incorporate the human capital endowment process information (e;+). Since
we are allowing for grandparental contribution -beyond the parental one-, we are going to

get a reduced form that links the child’s education with the grandparent schooling.

Let’s lag the equation from last line in one and two periods, and premultiply them by A;

and A9, respectively

Sit =70 + 155 t-1+ €t
MSit—1 =Mt AMNSit—2 + M€

A2Sit—9 = A270 + A2V15it—3 + A2€jt 9

Replacing these last two equations in (4.5),

eit =0+ Aej 11+ A€o+ vy

eit =0+ ASit—1 — M0 — MnSit—2 + A2Si -2 — Ao — Aov1Si 4 -3 + Vi
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Replacing the expression for e;; in the equation we just lagged, we get,

Sit =Y + 7155 t—1 + €t

Sit =70 + M8 t—1+0+ASi -1 — A0 — AM71Sit—2 + A2Si1-2 — A270 — A215it—3 + Vit

Rearranging,

Sit = 0+70(1 = A1 — A2) + (71 + A1) Sip—1 + (A2 —71A1) Sip—2 + vit — 11 A2S;1—3
~ —— ~—_—— N -~
Bo p1 B2 &it

So, our reduced form equation looks like

Sit = Bo + B1Si1—1 + F2Si1—2 + &t (4.7)

Note that the coefficient for grandparental schooling may be positive because of the
incorporation of a grandparental contribution to the child’s genetic/cultural inheritance.
In particular, the grandparental coefficient is positive if our structural parameters satisfy
Ao —v1A1 > 0. This would imply that grandparental contributions to genetic or cultural in-
heritance are important enough to more than compensate a parental “bad draw” endowment

effect (Solon, 2013)34.

34. Another point to raise is that the structural parameters from the model (as in the original Becker-
Tomes model) are identified since we have three equations and five unknowns (9,49, 71, A1, A2). Fixing, say,
0 and 7y, we could “identify” the rest of the more relevant parameters v, A\; and .
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Figure 4.1: Birth cohorts by generation

8
1

et

oy
U
ppepepepnyny N

ey |y U U RS Y
g USSR U |
h

T
'
'
'
L
]
'
V
1
1
'
'
'
'
'
1
1
1
'
'
'
'

e e
==y
- --—-L-------,

v
e
P —

T ——

V
-
'
'
'

———r

R
V

——

I
'
il
[
i

o

1890 1900 1910 1920 1930 1940 1950 1960 1970 1980

’l:l Grandparent [ ] Parent | ] Children

Notes: This figure shows the distribution of the years of birth by generation. Gen-
eration 3 is restricted to be 23 years old or older, so its distribution is truncated
at birth year 1980. For the G1 generation, the precise information is not available
in the survey for all of G1 individuals.

Figure 4.2: Distribution of schooling across generations
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Notes: This figure shows the distribution of years of schooling for the three gen-
erations we study. For G1 years of schooling, we use the average using education
of both grandparents, or the one that is available when either the grandfather or
grandmother information is missing.
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Years of Schooling, Generation T

Figure 4.3: Absolute mobility across generations
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Notes: This figure shows the average years of schooling of generation t in the
y-axis, against the years of schooling of generation t1 in the x-axis. The triangle
dots correspond to the analysis of G1 and G2, while the circular dots represent
the analysis of G3 and G2. The diagonal is a 45-degree line.
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Figure 4.4: Relative mobility across generations
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Notes: This figure shows the average standardized years of schooling of generation
t in the y-axis, against the years of schooling of generation t1 in the x-axis. The
triangle dots correspond to the analysis of G1 and G2, while the circular dots
represent the analysis of G3 and G2. The diagonal is a 45-degree line.
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Figure 4.5: Trends in intergenerational schooling coefficients
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Notes: This figure shows in the y-axis the coefficients between a regression of G3
years of schooling against G2 years of schooling (in circles), and against G1 years
of schooling (in triangles), for each birth cohort in Table 4.3.

Figure 4.6: Mean and SD of years of schooling by cohort of birth of G3
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Notes: This figure shows in the left y-axis the average years of schooling and in
the right y-axis the SD of years of schooling for cohorts born between 1940 and
1980. Numbers are computed using the Census of year 2002.
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Figure 4.7: Correlation between Gini coefficient and intergenerational schooling coefficients
for regions in Chile (Gatsby Curve)
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Notes: The left panel plots in the y-axis the coefficients between a regression of
G2 years of education against G1 years of education (in circles) and a regression
between G3 years of schooling against G1 years of schooling (in triangles), for
each region of the country against the median Gini coefficient, in the x-axis, of the
region as shown in Agostini and Brown (2007). The right panel plots the similar
figures but using the coefficients of a regression of G2 rate of higher education
attendance against G1 years of education (in circles) and a regression between
G3 rate of higher education attendance and G1 years of education (in triangles).
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Figure 4.8: Gender structure of the data
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Notes: This figure describes the gender structure of our survey data, which allow
to describe patrilineal and matrilineal lineages.Regarding the patrilineal lineage:
If the survey respondent was the father of the household, we have information on
the paternal grandparents and children. Regarding the matrilineal lineage: If the
survey respondent was the mother of the household, we have information on the
maternal grandparents and children.

Figure 4.9: Trends in intergenerational standardized schooling coefficients
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Notes: This figure shows in the y-axis the coefficients between a regression of G3
standardized years of schooling against G2 standardized years of schooling (in
circles), and against G1 standardized years of schooling (in triangles), for each
birth cohort in Table 4.3.
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Figure 4.10: Correlation between Gini coefficient and Intergenerational standardized school-
ing coefficients for regions in Chile (Gatsby Curve)
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Notes: The left panel plots in the y-axis the coefficients between a regression of
G2 standardized years of schooling against G1 standardized years of schooling
(in circles) and a regression between G3 standardized years of schooling against
G1 standardized years of schooling (in triangles), for each region of the country
against the median Gini coefficient, in the x-axis, of the region as shown in Agos-
tini and Brown (2007). The right panel plots the similar figures but using the
coefficients of a regression using years of schooling without standardization.
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Table 4.1: Descriptive statistics of the sample

Generation Variable | Obs. Mean S.D. Min Max
Grandparents (G1) G1 Schooling | 4,529 4.38  4.08 0 19
G1 Higher Education (=1) | 4,529 0.03 0.17 0 1
Grandfather Schooling | 3,778  5.13  4.66 0 20
Grandmother Schooling | 4,233 4.05  4.03 0 19
Grandfather Alive | 4,219 0.17  0.38 0 1
Grandmother Alive | 4,509 0.33  0.47 0 1
Any in G1 alive | 4,529 0.38  0.49 0 1
Parents (G2) G2 Schooling | 4,529 7.99  4.72 0 20
G2 Higher Education (=1) | 4,529 0.15  0.36 0 1
G2 Age | 4,529 59.75 1147 38 99
G2 Male (=1) | 4529 052 05 0 1
G2 Prim. Sch. in M.R. (=1) | 4,529 0.29 0.45 0 1
G2 Schooling (Father) | 2,134 7.92  4.67 0 20
G2 Schooling (Mother) | 2,395 8.05  4.77 0 20
Children (G3) G3 Schooling | 12648 11.34 3.75 0 20
G3 Higher Education (=1) | 12648 0.27  0.44 0 1
G3 Age | 12648 35.65 9.17 23 82
G3 Male (=1) | 12648 0.51 0.5 0 1
G3 Schooling (Daughter) | 6219 11.36  3.66 1 20
G3 Schooling (Son) | 6429 11.32 3.83 0 20

Notes: All statistics are computed using the household sampling weights provided by the LSPS 2002. In total, we
have 4529 individuals interviewed (G2) that provide information on their parents (G1) and all of their offspring
(G3). G1 Schooling refers to the average years of education between the respondent’ father and mother, who are
the grandparents in our sample. All the rest of the “Schooling variables refer to the average years of completed
education for the corresponding group. The Higher Education binary indicators are equal to 1 if years of schooling
are above 12 years and equal to 0 if not. The variable G2 Prim. Sch. in MR is equal to one if G2 attended
primary school in the MR of Chile, and equal to zero otherwise.
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Table 4.2: Schooling coefficients: baseline results

Dep. Var. is Schooling of: (1) (2) (3) (4)
G2 G3 G3 G3
Schooling of G2 0.462%** 0.400***
(0.010) (0.013)
[0.575] [0.499]
Schooling of G1 | 0.679*** 0.388*#*  (.113%**
(0.016) (0.015)  (0.015)
[0.586] 0.413]  [0.120]
Observations 4,529 12,648 12,648 12,648
Adjusted R2 0.423 0.369 0.234 0.378

Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, *** p < 0.01. All regressions are estimated by ordinary least squares (OLS). Standardized coefficients
are given within parentheses. G1: Mean schooling of the grandparent generation. G2: Schooling of the survey
respondent. G3: Schooling of respondent’s offspring. Column (1): Controls for a quadratic polynomial on age,
sex of G2 and a binary indicator for whether G1 is alive. Each observation corresponds to a respondent in our
sample. Column (2): Controls for a quadratic polynomial on age and sex of G3 and for whether G1 is alive.
Column (3): Controls for a quadratic polynomial on age and sex of G2 and G3. Each observation corresponds to
a child of the respondent. Column (4): Adds control for whether G1 is alive. Each term between brackets ([])
corresponds to the standardized coefficients.

Table 4.3: Distribution of birth cohorts of the children generation

Cohort group Obs. Percentage

1920-1944 244 1.90%
1945-1949 391 3.20%
1950-1954 817 6.70%
1955-1959 1,312 10.50%
1960-1964 2,064 16.30%
1965-1969 2,236 17.80%
1970-1974 2,728 21.40%
1975-1979 2,856 22.20%

Total 12,648 100.00%

Notes: This table shows the distribution of the offspring generation (G3) by five-year birth cohort groups. The
first column shows the sample size in each birth cohort and the second column shows how birth cohorts of G3 are
distributed in the sample.
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Table 4.4: Cohort differences in intergenerational coefficients: G1-G3 and G2-G3

Dep. Var. is Schooling of: (1) (2)
G3 G3
Schooling of G1 0.320%***
(0.095)
Schooling of G2 | 0.685***  (0.401***
(0.053) (0.013)
Schooling (G2) x Chrt: 1945 - 1949 0.005
(0.077)
Schooling (G2) x Chrt: 1950 - 1954 | -0.109
(0.070)
Schooling (G2) x Chrt: 1955 - 1959 | -0.180%***
(0.059)
Schooling (G2) x Chrt: 1960 - 1964 | -0.228%%*
(0.056)
Schooling (G2) x Chrt: 1965 - 1969 | -0.242%**
(0.056)
Schooling (G2) x Chrt: 1970 - 1974 | -0.252%**
(0.055)
Schooling (G2) x Chrt: 1975 - 1979 | -0.278%**
(0.054)
Schooling (G1) x Chrt: 1945 - 1949 0.009
(0.113)
Schooling (G1) x Chrt: 1950 - 1954 -0.08
(0.094)
Schooling (G1) x Chrt: 1955 - 1959 -0.168*
(0.099)
Schooling (G1) x Chrt: 1960 - 1964 10.223%*
(0.095)
Schooling (G1) x Chrt: 1965 - 1969 -0.234**
(0.096)
Schooling (G1) x Chrt: 1970 - 1974 -0.231°%*
(0.095)
Schooling (G1) x Chrt: 1975 - 1979 -0.252%F*
(0.095)
Adjusted R2 0.375 0.382
Observations 12,648 12,648
F-test on interactions 287 8.678

Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, ¥*** p < 0.01. All regressions are estimated by OLS, where the dependent variable is years of schooling
of G3. The base group for birth cohorts is 19201944, the omitted variable. All coefficients are in deviations from
this group. We control for main effects in all regressions. Column (1): Controls for a quadratic polynomial on
age and a binary indicator for sex of G2 and G3. Column (2): Adds control for whether G1 is alive. Main effects
and additional controls are omitted from the table for presentation purposes.
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Table 4.5: Regional variations

Dep. Var. is Schooling of: (1) (2)
G2 G3

Schooling of G1 | 0.629***  (0.105***

(0.026)  (0.015)

Schooling (G1) x Region 1 | -0.124  -0.217***
(0.097)  (0.063)
Schooling (G1) x Region 2 | -0.018 0.019
(0.104)  (0.044)
Schooling (G1) x Region 3 | -0.134 -0.007
(0.082)  (0.053)

Schooling (G1) x Region 4 | 0.120* -0.059*
(0.062)  (0.033)
Schooling (G1) x Region 5 | -0.074 -0.028
(0.047)  (0.026)

Schooling (G1) x Region 6 | -0.003  0.097***
(0.070)  (0.034)
Schooling (G1) x Region 7 0.02 -0.041
0.071)  (0.029)

Schooling (G1) x Region 8 | -0.051 0.057**
(0.046)  (0.023)

Schooling (G1) x Region 9 | -0.027 0.057**
0.072)  (0.029)
Schooling (G1) x Region 10 | 0.064 0.044
(0.064)  (0.032)
Schooling (G1) x Region 11 | 0.146 0.327*
(0.226)  (0.181)
Schooling (G1) x Region 12 | 0.184 -0.038
(0.148)  (0.070)

Schooling (G1) x Region 13 | -0.109  0.102%**
(0.174)  (0.033)
Adjusted R2 0.475 0.383

Observations 4,529 12,648
F-test of interactions | 120.17 17.21
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Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, ¥* p < 0.01. All regressions are estimated by OLS where the dependent variable is years of schooling of
G2 and years of schooling of G3, respectively. The base group for the regional interactions is the MR, the omitted
variable. All coefficients are in deviations from this region. We control for main effects in all regressions. Column
(1): Controls for a quadratic polynomial on age and a binary indicator for sex of G2 and G3. Column (2): Adds
control for whether G1 is alive. Main effects and additional controls are omitted from the table for presentation



Table 4.6: Patrilineal schooling coefficients

Dep. Var. is Schooling of: (1) (2) (3) (4)
Son Son Daughter Daughter
Father | 0.436%** 0.416***  0.402***  (.362***
(0.020) (0.022) (0.020) (0.021)
Paternal Grandfather | 0.09***  0.059**  0.085*** 0.013
(0.022) (0.025) (0.021) (0.026)
Paternal Grandmother 0.077** 0.159%**
(0.031) (0.032)
Adjusted R2 0.408 0.41 0.392 0.403
Observations 2577 2577 2414 2414

Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, *** p < 0.01. All regressions are estimated by OLS and control for age and age squared of sons/daughters
and fathers. From the 4529 respondents, 2395 are men 2134 are women. Following the patrilineal lineage, the
male respondents report to have an offspring of 7029, divided in 3647 sons and 3382 daughters. The number of
sons with complete information on their grandmother’s and grandfather’s schooling, parent education, and age is

of 2577. The same number for the daughters is 2414.

Table 4.7: Matrilineal schooling coefficients

Dep. Var. is Schooling of: (1) (2) (3) (4)
Daughter Daughter Son Son
Mother | 0.426%**  0.413%**  (.422%*%* (,395%**
(0.023)  (0.024)  (0.028)  (0.029)
Maternal Grandmother | 0.079***  0.053*%*  0.105%** 0.042
(0.028)  (0.026)  (0.031)  (0.036)
Maternal Grandfather 0.047 0.102%***
(0.030) (0.030)
Adjusted R2 0.414 0.416 0.393 0.4
Observations 2033 2033 2033 2033

Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, *** p < 0.01. All regressions are estimated by OLS and control for age and age squared of sons/daughters
and parents. From the 4529 respondents, 2395 are men 2134 are women. Regarding the matrilineal lineage, the
2134 women report having 5698 children older than 23 years of age. Of them, 2827 are sons and 2871 are daughters.

The number of them with complete information is 2333 for sons and daughters.
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Table 4.9: Regional variations: full tables

Dep. Var. is: (1) (2) (3) (4)
Sch. G2 H.Ed. G2 Sch. G3 H.Ed. G3
Schooling of G1 | 0.629%**  0.032***  0.105%%*  0.011***
(0.026)  (0.002)  (0.015)  (0.002)
Schooling (G1) x Region 1 | -0.124 0 -0.217***  -0.005
(0.097)  (0.010)  (0.063)  (0.007)
Schooling (G1) x Region 2 -0.018 -0.007 0.019 0.002
(0.104)  (0.007)  (0.044)  (0.006)
Schooling (G1) x Region 3 -0.134 0.018 -0.007 -0.001
(0.082)  (0.020)  (0.053)  (0.006)
Schooling (G1) x Region 4 0.120* 0.001 -0.059* -0.004
(0.062)  (0.006)  (0.033)  (0.004)
Schooling (G1) x Region 5 | -0.074 -0.004 -0.028 -0.006*
(0.047)  (0.004)  (0.026)  (0.003)
Schooling (G1) x Region 6 | -0.003 -0.004 0.097*** 0.003
(0.070)  (0.007)  (0.034)  (0.004)
Schooling (G1) x Region 7 0.02 -0.002 -0.041 -0.004
(0.071)  (0.006)  (0.029)  (0.004)
Schooling (G1) x Region 8 -0.051 -0.009**  0.057** -0.002
(0.046)  (0.004)  (0.023)  (0.003)
Schooling (G1) x Region 9 | -0.027 -0.006 0.057** 0
(0.072)  (0.005)  (0.029)  (0.004)
Schooling (G1) x Region 10 0.064 0 0.044 -0.006
(0.064)  (0.006)  (0.032)  (0.004)
Schooling (G1) x Region 11 0.146 0.009 0.327* 0.022
(0.226)  (0.019)  (0.181)  (0.022)
Schooling (G1) x Region 12 0.184 0.035 -0.038 0.017
(0.148)  (0.025)  (0.070)  (0.017)
Schooling (G1) x Region 13 | -0.109 -0.014 0.102%** 0.002
(0.174)  (0.009)  (0.033)  (0.005)
Age of G2 | -0.133*** 0.012** 0.229%**  (0.024%**
(0.050)  (0.006)  (0.029)  (0.004)
Age of G2 square 0.001 -0.000%*  -0.001***  -0.000***
0.000 0.000 0.000 0.000
Sex of G2 (Male=1) | 0.447*** 0.002 -0.284*#%  _(.040%**
(0.115)  (0.011)  (0.058)  (0.007)
Region 1 1.275 -0.005 1.397*% 0.028
(0.792)  (0.088)  (0.368)  (0.049)
Region 2 0.703 0.063 0.403 0.046
(0.612)  (0.054)  (0.328)  (0.046)
Region 3 0.218 -0.315%* 0.257 0.015
(0.538)  (0.187)  (0.383)  (0.045)
Region 4 | -0.942%** -0.019 0.669™ %% 0.076***
(0.313)  (0.044)  (0.182)  (0.024)
Region 5 -0.067 -0.015 0.334%* 0.052%*
(0.276)  (0.035)  (0.169)  (0.021)
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Table 4.9 (continued)

Dep. Var. is: (1) (2) (3) (4)
Sch. G2 H.Ed. G2 Sch. G3 H.Ed. G3
Region 6 | -0.672** 0.007 0.03 0.026
(0.327) (0.044) (0.170) (0.022)
Region 7 | -0.627** 0.008 -0.042 0.003
(0.303) (0.035) (0.154) (0.021)
Region 8 | -0.458* 0.027 -0.22 0.032%*
(0.259) (0.033) (0.137) (0.017)
Region 9 -0.267 0.047 -0.082 0

(0.306)  (0.034)  (0.157)  (0.021)
Region 10 | -1.268%**  -0.033  -0.601***  0.036
(0.270)  (0.039)  (0.174)  (0.022)

Region 11 | -0.648 -0.129 -1.308 -0.007
(1.029)  (0.079)  (0.800)  (0.088)
Region 12 | 0.059 -0.332 0.826 0.011

(1.021)  (0.233)  (0.616)  (0.097)
Region 13 | -4.788%*%  0.026  -0.380%*  0.044*
(0.334)  (0.056)  (0.151)  (0.024)

GI still lives (=1) | 0.312%%  0.023* 0.039  0.017%
(0.142)  (0.012)  (0.067)  (0.009)
Age of G3 0.025 -0.013%**
(0.025)  (0.003)
Age of G3 square -0.001***  0.000**
0.000 0.000
Sex of G3 (Male=1) -0.122%* -0.001
(0.055)  (0.007)
Schooling of G2 0.391%F**  (.038***
(0.008)  (0.001)
Constant | 11.348%** 0.931
(1.540) (0.775)
Adjusted R2 0.475 0.232 0.383 0.276
Observations 4,529 4,529 12,648 12,648

Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, *** p < 0.01. All regressions are estimated by OLS. Column (1) uses years of schooling of G2 as the
dependent variable, column (2) uses a binary variable for whether G2 attended higher education or not, column
(3) uses years of schooling of G3 as the dependent variable, and column (4) uses a binary variable for whether
G3 attended higher education or not. Columns (2) and (4) report marginal effects of a probit model. The R2 for
these two columns corresponds to the pseudo-R2 from the probit models.
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Table 4.11: Patrilineal schooling standardized coefficients

Dep. Var. is Schooling of: (1) (2) (3) (4)

Son Son Daughter Daughter
Father | 0.530%** 0.505%**  (0.489***  (.440***

(0.024)  (0.026)  (0.024)  (0.026)

Paternal Grandfather | 0.106%**  0.070**  0.101%** 0.015

(0.026) (0.030) (0.025) (0.031)
Paternal Grandmother 0.076** 0.158%**

(0.031) (0.032)

Adjusted R2 0.408 0.41 0.392 0.403

Observations 2577 2577 2414 2414

Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, *** p < 0.01. All regressions are estimated by OLS and control for age and age squared of sons/daughters
and fathers. From the 4529 respondents, 2395 are men 2134 are women. Following the patrilineal lineage, the
male respondents report to have an offspring of 7029, divided in 3647 sons and 3382 daughters. The number of
sons with complete information on their grandmother’s and grandfather’s schooling, parent education, and age is

of 2577. The same number for the daughters is 2414.

Table 4.12: Matrilineal schooling standardized coefficients

Dep. Var. is Schooling of: (1) (2) (3) (4)
Daughter Daughter Son Son
Mother | 0.486***  0.470%**  (0.481*** (.450%**
(0.026)  (0.028)  (0.032)  (0.033)
Maternal Grandmother | 0.079***  0.063**  0.104*** 0.042
(0.028)  (0.031)  (0.031)  (0.036)
Maternal Grandfather 0.046 0.121***
(0.029) (0.036)
Adjusted R2 0.414 0.416 0.393 0.4
Observations 2033 2033 2033 2033

Notes: Robust standard errors in parentheses clustered at the family level. Significance levels: * p < 0.10, **
p < 0.05, *** p < 0.01. All regressions are estimated by OLS and control for age and age squared of sons/daughters
and parents. From the 4529 respondents, 2395 are men 2134 are women. Regarding the matrilineal lineage, the
2134 women report having 5698 children older than 23 years of age. Of them, 2827 are sons and 2871 are daughters.

The number of them with complete information is 2333 for sons and daughters.
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