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COVID-19 Exodus:
Parent preferences for public schools in Pera*

Gregory Elacqua’  Nicolas Figueroa?  Andrés Fontaine!  Juan Margitic

Carolina Méndez Vargas’

Abstract

In 2020 in Peru, the Ministry of Education (MINEDU), in response to the COVID-19
pandemic, organized a centralized assignment mechanism that allowed thousands of
students at multiple levels of education to move from the private sector to the pub-
lic sector due to an unprecedented rise in demand. Exploiting the randomness in
the assignment of students to their new schools, we causally estimate which public
school characteristics families that had decided to study in the private sector before
COVID-19 value the most and how preferences for school attributes change after par-
ents experience public schools. We find that families care about the distance to the
assigned school and the relative academic and peer quality with respect to their school
of origin. Parents weigh features such as distance to school and peer demographics
differently when deciding whether or not to remain at the assigned school. These
findings provide insights into how governments can strengthen the supply of public
schooling.
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1 Introduction

In 2020 in Peru, the education sector was shocked by an unprecedented rise in the demand
for spots in the public sector by students looking to migrate from the private sector. The
exodus of more than a hundred thousand students into the public sector was likely fueled
by a combination of factors: extended school closures due to Covid-19, lack of adaptability
by the private schools to move to online education, and the unwavering cost of paying for
private education during an economic crisis. This also follows similar trends observed in
other countries in the region (Elacqua et al., 2022).

In response to this rapid shift in family preferences for public schooling, the Ministry
of Education (MINEDU) designed a centralized assignment mechanism to enroll these stu-
dents in public schools: the 2020 Exceptional Enrollment (Matricula Excepcional (ME))
process, which created an opportunity to explore the relative weight parents give to differ-
ent attributes of public schools when deciding whether or not to enroll and later remain in
the assigned school. The 2020 ME process included a randomization component that we
exploited to causally estimate family preferences over school characteristics at the moment
of choosing to transfer to a public school. Moreover, for the families that migrate, we ana-
lyze the preferences when, one year later, families choose whether to remain on the public
school or go back to a private one. This unique opportunity allows us to identify some
dimensions of public education that this group of parents value, and governments could
reinforce or dispel misconceptions about the public education system!. Strengthening pub-
lic education has many potential benefits: functioning as a safety net for all members of
society (Singh et al., 2014), as a large-scale adaptable apparatus that allows all students
to cope with times of need (such as with COVID-19), as an equalizer of inequitable fam-
ily backgrounds via reducing economic segregation (Murillo et al., 2018; Elacqua, 2012;
Balarin, 2015).

Our paper first presents a theoretical framework that guides our empirical analysis
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on parent preferences on public education offering. The theoretical framework consists of
a two-period model where students are offered a chance to accept or reject their public
school assignment in period one; in period two, they decide whether or not to stay at
their assigned school. Like our theoretical model, our empirical framework explores the
decisions to accept public school allocations and remain at the assigned school in separate
stages. This analysis allows us to understand the educational dimensions that families care
about when accepting the assignment and deciding to stay after experiencing the school.
Moreover, it sheds some light on the changes in the intensity of the preferences over some
components.

Our identification strategy exploits the random component from the centralized as-
signment of students organized to allocate the unprecedented demand for public education
and helps us relate decisions to accept and stay at the assigned schools with observable
school characteristics. These observable attributes include information on the individual
distance to the school, school size, average school characteristics such as class size, math
standardized test scores, peer demographics, and teacher experience and contract type. In
addition, we include information on the prices of the private schools of origin as a proxy
for socioeconomic status.

We find that parents are more likely to accept their assigned public school at schools
closer to their homes, with relatively better peer demographics (as measured by mean
parents’ education) and higher average math achievement compared to their private school
of origin. We find that not only does the absolute distance to the school matter in accepting
the assignment, but also the relative distance between the student’s home and the assigned
school compared to distance between the student’s home and the private school of origin.
This suggests that parents anchor their decisions using the previous school attributes as
a benchmark. In addition, we find weak evidence that parents are more likely to accept
larger schools and also ones with lower student-teacher ratios (STR).

We also find evidence that parents can positively change their perceptions about public



schools once they experience them and have more information that allows them to compare
the assigned school with their previous private school and other schools. Once parents are
enrolled in a public school, features that seemed unimportant when deciding to accept
their assigned school gain relevance in explaining their decision to stay or leave. Although
we acknowledge that the sample of parents who decide to accept their school assignment
is systematically different from parents in the first stage, this population of parents is of
interest to policy-makers. As mentioned, distance to the school, relative peer demographics
and school quality remain relevant. However, we also find that the relative difference in
distance to the school does not affect the likelihood of remaining in the assigned school,
suggesting a change in the “reference point" for the decision. We also find a higher coeffi-
cient associated with peer demographics. We also find that the difference in the share of
novice teachers reduces the likelihood of remaining in the assigned school. At the same
time, parents slightly prefer larger schools (with more students) compared to their previous
private school.?

In the literature on parental preferences for schools, several studies have examined var-
ious factors that influence parents’ choices. For instance,Hastings et al. (2005), Jacob and
Lefgren (2007), and Hofflinger et al. (2020) have explored parents’ preferences for school
characteristics such as academic quality, proximity, and religious instruction. These studies
found that parents from different socioeconomic backgrounds prioritize these factors differ-
ently. Specifically, parents with a lower socioeconomic status tend to prioritize proximity,
while parents with a higher socioeconomic status prioritize quality and religious education.
Similar findings were reported by Abdulkadiroglu et al. (2020) and others, who found that
parents generally prefer schools with higher test scores.

In terms of revealed preferences, Harris and Larsen (2017) conducted a study in New
Orleans and found that parents preferred schools with higher test scores and value-added

measures. However, they also considered non-academic factors such as after-school care,

2We include a literature review section in our Appendix ?? on the paper’s broad connection to the

literature on parent preferences for schooling dimensions.



extracurricular activities, and proximity to home. Similarly, Glazerman and Dotter (2017)
emphasized the significance of commuting distance, school demographics, and academic
indicators in school choice, highlighting the heterogeneity of preferences across parent
demographics.

Our study aligns with previous research findings. We also find that families prefer
higher-performing schools with favorable peer demographics and proximity to their resi-
dence, consistent with Jacob and Lefgren (2007) and Burgess et al. (2015). Furthermore,
our results support the observations of Harris and Larsen (2017) regarding the consid-
eration of both academic and non-academic attributes in school selection, as well as the
findings of Glazerman and Dotter (2017) concerning the role of commuting distance, peer
demographics, and academic indicators.

This paper contributes mainly to two different strands of the literature. Firstly, it
adds to the body of evidence on exploiting information on parents’ preferences and the
randomization induced by centralized assignment mechanisms to learn about school choice,
building on studies such as Abdulkadiroglu et al. (2017), Glazerman and Dotter (2017),
Kapor et al. (2016), and Agarwal and Somaini (2018). However, our study focuses on a
unique case where preferences for the randomization algorithm implemented were imputed
based on distance, contrasting with the option for parents to submit their choices.

The literature reveals that parental preferences for schools encompass multiple dimen-
sions, including academic quality, proximity, socioeconomic composition, and non-academic
factors. Our study contributes by examining preferences through a natural experiment,
capturing the perspectives of parents who transitioned from private to public schools. By
understanding how these parents perceive the public sector and what educational dimen-
sions they value, policymakers can design effective strategies to strengthen public schooling
and address potential stratification concerns.

Secondly, this paper offers a unique perspective for governments interested in strength-

ening public schooling by evaluating the preferences of parents who transitioned from



private to public schools due to pandemic-related factors. These families, predominantly
from middle and low-income backgrounds, represent a population that has shifted from the
public sector over the last few decades. Gaining insights into how these parents perceive
the public sector and what educational dimensions they value is crucial for governments
to design and implement effective policies to strengthen public schooling. In particular,
we can offer a glimpse into their preferences from a revealed preference perspective versus
a stated preference perspective. Generally, the stated preference literature suggests that
parents declare on surveys that they are most interested in a school’s academic quality
(e.g., test scores, teacher quality). However, the type and magnitude of these preferences
may vary by the survey question and parent demographic characteristics. Previous stud-
ies, such as Schneider et al. (1998) and Kleitz et al. (2000), indicate that parents often
prioritize teacher quality, high test scores, educational quality, class size, and safety when
making school choices.

This paper is structured as follows: Section 2 describes the context and critical events
that led to the 2020 ME process as well as the data used in this paper; Section 3 intro-
duces the theoretical model that guides our empirical analysis; Section 4 describes our
empirical analysis including the identification strategy we employed, the main results, and

a heterogeneous analysis; finally, Section 5 discusses the findings and concludes.
2 Institutional Background

The pandemic caused by the COVID-19 virus led governments throughout Latin Amer-
ica to close schools due to the increased risk of contagion and lack of available vaccines.
Countries in the region closed schools for an average of 158 days, in stark contrast with
the OECD average of 57 days®. Clearly, the schools in the region were not equipped with
the necessary resources to withstand protocols that could minimize the risk of contracting

the disease. However, most students and schools were also well equipped for a transition

3Source: own elaboration based on UNICEF. Period: 11/3/2020 - 2/2/2021.



to a digital learning environment. There were critical differences in the schools’ capac-
ity to transition to this environment and the capacity of the students to adapt. Schools
faced critical constraints such as the availability of technological resources as well as the
capacity of the teachers to adapt to remote instruction?. On the other hand, students were
limited in the resources they had access to at home to engage in online instruction, such
as technological devices, internet access, a physical space to study, etc. (Abizanda et al.,
2022).

In Peru, the pandemic had severe consequences. It has the world’s highest COVID
death rate, far higher than any of its neighbors and twice the rate of the United States.
COVID officially caused nearly 6,470 deaths for every 1 million Peruvians®. In addition,
unemployment increased considerably. During the second quarter of 2020, according to
Instituto Nacional de Estadistica e Informdtica (INEI), the categories of informal depen-
dent and independent workers were the most affected, registering declines of 60% and 35%,
respectively. In absolute terms, this meant the annual loss of approximately 4.8 million
jobs in the informal segment of the labor market.

In the context of education, private schools were reticent to lower their fees® and even
threatened to expel students in extreme cases’®. Likely due to a combination of the factors
mentioned above and economic hardships imposed by the economic impact of the pandemic,
the public education sector saw an unprecedented increase in the number of students who
requested to be transferred from their private schools to public schools. In response,
the government took the initiative to design a system that could accommodate many
transfer requests while preserving the principles of equity and efficiency. MINEDU, with
the technical assistance from the Education Division at the Inter-American Development
Bank, designed a centralized assignment mechanism using the Deferred Acceptance (DA)

algorithm to allocate the students’ to the available vacancy closest to their residence.

4Infobae, July 28 2022
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The government invited students to participate by registering in a web portal created
during this process. Rather than eliciting the parents’ preferences for schools, students
were told that the process would accommodate them at the nearest public school with a
vacancy. In other words, the system imputed linear distances between the family’s reported
address and the nearby schools (within 5 km) with vacancies, ranking the closest school as
the highest preference. For instance, we will refer to first preference to the closest school
to the student and progressively list closer schools as more preferred by students. As
mentioned, families did not choose these vacancies; they were imputed during the process
based on the distance from the students address. The Matricula Exepcional (Exceptional
enrollment) 2020 (ME 2020) program proceeded as follows: first, families registered and
submitted their information on the platform, which included their home address . The
process would continue with the creation of rankings based on proximity to address for
each student. Then running the DA algorithm would take both preferences and a list of
school vacancies and assigned students. After receiving the offer, students were given the
option of accepting or rejecting. If the reason for rejecting was due to an incorrect address,
students were given the opportunity to correct it in the system and reenter the process in
the second round. MINEDU would rerun the algorithm to compute the new allocation for
those who rejected their first-round assignment. This process was iterated twice, resulting
in a total of 3 rounds until every registered student was assigned to a school. Most of those
who rejected their initial allocation in the first round and reentered the system reported
issues such as misreported addresses in the registration process. In total, 125,295 students

participated in ME 2020.

2.1 Data

Our starting sample includes 125,295 students who participated in the ME 2020 process.

They belongs to a group of affected parents who responded to the shock imposed by

9Families were able to submit addresses that were different from their official ID, but it needed to be

their permanent address



the COVID-19 pandemic and were mainly enrolled in lower-performing private schools
in urban settings. These parents likely responded to the extended school closures, lack
of adaptability by the private schools to online education, and continuing private school
tuition fees when deciding to enter the process.

We use data provided by the MINEDU on student background, their choices, and
allocations to investigate the possible factors that determined student and family decisions.
We obtained individual records of students’ enrollment status and teacher characteristics
from 2019 to 2021 from the Sistema de Informacion de Apoyo a la Gestion de la Institucion
Educativa (STAGIE) database, and data on average school characteristics from multiple
databases: measures of parent education and schools’ standardized academic performance
from 2014, 2015, 2016, 2018, and 2019 from the Fvaluacion Censal de Estudiantes (ECE)
and information on staff and facilities from the School Directory (Padron Escolar) as well
as the School Census (Censo Escolar) from 2014 to 2021.

We are interested in analyzing two stages of the process. The first stage is when the
parents accept or reject the assigned public school. Second, when families decide to stay or
leave the previously assigned and accepted school. In both stages, we exclude students who
participated in rounds 2 and 3. We excluded them because they faced inherently different
pools of potential schools for their assignment. Some of these students’ preferences were
incorrectly assumed, given incorrectly specified addresses. Also, we will consider only those
students who come from private schools .

In the second stage, we filter out those students who did not accept their assignments
from round 1. We do not incorporate these students in the study because they never
experienced their assignment to the new schools. However, it is important to mention that

the majority of these students were the ones who misreported their addresses during round

We also define accepting the school assignment if the student accepted and virtually

105,761 or 4.6% of our sample were enrolled in public schools



attended their assigned schools. In our sample, we observed some students who, although
they accepted their assigned school, never enrolled in it ''. For these cases, we assume
that these students de facto rejected their assignment, and recode their responses in the
first stage. In addition, we observed some students who accepted their assigned school, but
appear to be last registered in 2020 at another school after the ME allocation took place.
For instance, a student who accepts her assignment from the ME2020 process, but appears
to be registered at another school in September, will be considered as treated. Specifically,
we consider that student experienced some months at the assigned school given that they
theoretically tried the assigned school in June and then decided to move in September.

Also, we will restrict our sample to consider students attending a school in 2021 within
50km of their assigned school by the 2020 ME process. We believe that students could
switch schools for reasons not related to the schools’ characteristics, such as moving. There-
fore, to control for such scenarios, we only consider students registered in 2021 near their
originally assigned schools.

After imposing all of our sampling conditions, we ended up with 61.43% of our original
sample of students who participated in the 2020 ME process or 76,964 students in the first
stage and 51.04% or 63,962 in the second stage 2. We can observe in Figure 1 the flow
of students from our first stage to our second stage. The dotted line separates the sample
between our first and second stage analysis. The green arrows depict the decisions of
students to continue in the assigned school from the ME2020 process; meanwhile, the red
arrows depict exits. The first row depicts the decision of students to leave their assigned
school during the ME2020 process. The second row of arrows defines those students who,

although seemingly having accepted their assignment, never registered in their assigned

1We define these students as those who accepted their assignment but never formally enrolled in these
schools

12\We want to highlight that our regression samples differ with respect to the reported samples in this
paragraph. This is due to two main reasons: First, at our preferred analysis level, many district by grade
and level samples lack variation in the acceptance / rejection to be included in the analysis. About 16k
students are dropped as a result. Second, some covariates in our analysis contain missing values for some
students. Although the affected number of students remains small (about 3k), we're exploring missing

value imputation methodologies to address this issue.
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schools.  We re-code their responses to de-facto rejections as mentioned. Rows three
and four of the arrows define decisions to move out of the assigned school after having
experienced at least some months in these schools. Finally, we can observe the geographical

distribution of students and schools that form part of our analysis in Figure 2.
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First Stage

Second Stage

Figure 1: Student flow before and after 2020 ME
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Figure 2: Geographic distribution of students and schools participating in ME2020
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3 Theoretical Framework

We introduce a simple two period model which allows us to rationalize the main empirical
findings of section 4. Students choose first whether to switch to the public sector, based on
the school they are offered. In this first decision, students are imperfectly informed about
the quality of their match with the school. After attending school, they perfectly learn
their valuation, and choose whether to remain or go back to the private sector. Students
fully internalize the “experimentation value" of switching to a public school: if they like it,
they can remain, if they do not, they have the possibility of going back to a private school.

The model is able to rationalize some key facts that emerge from the empirical analysis,
namely the change in the intensity of preferences over key attributes like math test scores
and distance. When a student chooses in the first period (that is whether to try out the
public school or not), school characteristics are a priori more important, since they will

affect a student over potentially two periods. This implies that first period decisions are

13



more sensitive to school characteristics. On the other hand, in the second period decision
(whether to remain or not) only a subset of students makes a choice, and they are more
likely to care about these characteristics. This would imply higher sensitivity in the second
period, which might seem counterintuitive at first.

We consider a two-period model, in which each student has two options, a public and
a private school. A student payoff from attending the private school is VI%% + € in the first
period and VIEQI% + 7 in the second. Here, we assume that Vﬁ% > Véﬁ% to reflect that in
period 1 households are experiencing a crisis due to COVID, that decrease their valuation
for the private school, either because they are experiencing economic difficulties or because
the quality of service has decreased. Moreover €,n are idiosyncratic shocks distributed
according to G which has a mean of 0. These shocks model the variation in the level of
satisfaction with the current school (€) and the strength of the recovery after the crisis (7).
Agents know the realization of € before their decision at ¢ = 1 and the realization of 1 before
t = 2. We assume that the the distribution G is the same in both periods and, moreover,
that shocks are independently distributed, since they refer to different dimensions of the
choice problem.

Students face significant uncertainty about the public school option, since it is unknown
to them. We assume that the valuation for the public option is aVpy, where Vpy is an
objective measure of school attractiveness that captures observable attributes, like distance,
parents education or schools’ results on standardized tests. In its empirical counterpart
Vpu is given by the vector of observable attributes of a given school.

On the other hand, « is an idiosyncratic shock that captures the quality of the school-
student match, something not observable by the econometrician, but also unknown by
students before attending a a school. Students are initially uninformed about «, which
represents, among other things, the relationship to classmates, teachers and genera satis-
faction with the learning environment. We assume that there are two types of students,

i = {1,2} in proportions pp and 1 — pg, and « is distributed according to F; on [1,K],
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with K < co. We assume that Fy =posp Fo, which captures that there is a fraction pg of
the population which is more likely to have a good experience in the public school system.
Students know the group to which they belong, capturing the fact that some of them are
more willing to try out the public sector.

The next assumption captures the fact that a bad match with public schools (o = 1)
makes it undesirable even in period 1, but a good match (v = K') makes it the best option

even in period 2, after the crisis has passed.

Assumption 3.0.1. We assume that Vpy < V]S% < Vg% < KVpyg.

First-period students choose whether to accept o reject the public school offered by the
government. They do so knowing their valuations for the private school (Vlg})z—}—e in the first
period and V]g% in expectation in the second), but knowing only the expectation of their
valuation for the public school option (Eg (a)Vpy). Moreover, there is an “exploration
value" of the public school option, since the parameter o becomes known after the first

period if the student experiments with the public school. Thus, in ¢ = 1, a student of type

1 accepts the public school offered if:

K K
/ aVpydFi(a) + mazx {anU, V]g%} dF;(a) > VF(,%) + VF(,%% +e (1)
a=1 a=1 ~—

. . X Private school payoff
First period expected payoff Second period expected payoff

where € is distributed according to G. That is, the student decides to experiment if
and only if the expected payoff in the first period plus the expected payoff in the second

period, once « is known, is greater than the safe option of staying in the private sector.

(2)
PR

Experimentation is valuable, since the student will stay in the public sector if a > Vol

and will return to the private sector otherwise.

Lemma 3.0.1. Int =1, a student of type i accepts the public school if and only if:

. ) V(Z)
ViR +Vim- (1= F [ LR )| > e
Veu

H;(Vpy) = Vpy -

a=K
di—l-/ @ adF(a)| —
a PR

Vpu
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therefore, the proportion of students that go to public schools is given by given by:
P(try) = poG(H1(Vpr)) + (1 — o) G(H2(Vpy))
where G(Hl(VPU)) > G(HQ(VPU))

Proof. Direct from algebraic manipulation and the fact that Fy =pogp Fs. |

In ¢ = 2, students who tried out a public school choose whether to stay in the public
system or not. In this period, they already know their match with the public school («)
and their valuation of going back to the private sector (V]g% + 7). Thus, a student stays

in their public school if:

o; Vpy > VI%% +n (2)

Analogously to the previous lemma, characterize the proportion of students that stay

in the public school.

Lemma 3.0.2. Att =2, a student stays in the public sector if:

L(aVpy) = aVpy — VS% >n

therefore, the proportion of students that stay in the public system is given by:

K

K
P(stay) = / G(L(aVpp))dFi(a) + (1 — o) / " GlLaVeo)dFaa)

a=1

G(H (V]
where pn = Ptypelltry) = parmmhen H(easmwem) > Ho

Proof. Direct. OJ

It is important to note that students of type 1, which are more likely to prefer the
public school option, are over-represented in the sample at ¢ = 2, that is p; > po. This is
so because at t = 1, before knowing their actual match with the public system, they are
more optimistic, so they are more likely to try it during the crisis. This selection bias,
given by the difference 1 — po plays a crucial role in the results.

We are interested in analyzing the sensitivity of parents decisions to school charac-
teristics, both at t = 1 and ¢t = 2, and the changes in this sensitivity. In the model

this corresponds to the quantities %Zg) and %}Zy), which indicate how the (expected)
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decision of a student changes if offered a marginally better school. The empirical coun-
terpart of these quantities are given by the parameters f; in the regressions, that indicate
the increased likelihood of an option given a change in the observabke characteristic of a
school.

As expected, the likelihood of trying the public school at ¢ = 1 and staying in at ¢t = 2
are increasing in Vpy. What is more interesting is that the sensibility to changes in Vpy;

can be greater or smaller in ¢ = 2, depending on the strength of the selection bias.

Lemma 3.0.3. Suppose that G is a uniform distribution on an interval [—a,a]. Then the

sensibility in the second period will be greater if:

3)

K K
(11 — po)(ar — a2) > [(1 - MO)/ v dF(a) +M0/ v a dFy(a)

Vpu T Vpy
Proof. If we assume that G is a uniform distribution, the derivate of the probability to

experiment with respect to Vpy is

(w =g [poH1(Vpy) + (1 — po) H3(Vpu)] (4)

where H!(Vpy) = a; + ff(z) a - dF;(a)
PR
Vpu
and the derivate of the probability to stay with respect to Vpy is:

K K
M;(‘Z?) =g [,Ud /a—1 adFy (o) + (1 — ) /a—l adFQ(a):| =glmar+ (1 —p)az]  (5)

If we substract (4) - (3) we have:

a=K a=K
(11 — po)(an — az) — l(l - Mo)/ v@) - diy(a) +Mo/ v - dFi(a)
a:VPU [0

Selection effect “Vpu

Horizon effect

The first element is the selection effect and the second element is the horizon effect.
On the one hand, as the selection effect is greater, the sensitivity in the second stage will
be greater. On the other hand, the horizon effect is mechanical. In the first stage, the
student cares about two periods instead of just one. If the selection effect predominates,
in the second stage we should observe a greater sensitivity.

Note that 3 > pp, due to in the second stage there are only those students who
accepted their assignment. Since Fj has first-order stochastic dominance over Fs, students

who accepted are more likely to come from type 1. We call this the selection effect. 0

The left hand side of condition (3) measures the strength of the selection effect. Since

“optimistic" students, with higher levels of «, are over-represented at ¢t = 2, the importance
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of the actual observable qualities of the school, Vpy becomes more acute. The right hand
side of (3) represents the horizon effect. At t = 1, Vpy matters more simply because it
potentially affects the student for two periods (always at ¢ = 1, with some probability at
t=2).

The relative strength of the selection and horizon effects determines which decision, try
the public school or stay enrolled in it, is more sensitive to the actual characteristics of the
school offered. Moreover, it provides a rationale for the particular characteristics of the
school (distance, standardized test scores, etc) being even more important for the decision
of students after they have already stayed enrolled in the public school for a year. The
results in section 4.2.2, in particular the comparison between tables 1 and 2, are consistent
with a strong selection effect, and with parents that try the public sector being on average

more willing to stay if everything goes right (type 1).

4 Empirical Analysis

4.1 Identification Strategy

The 2020 Matricula Excepcional (ME) algorithmic allocation process allows us to exploit
the exogenous variation from the randomized assignment of students conditional on the
local school offering to recover the causal estimates of the parents’ preferences when choos-
ing a school. The randomization process is part of the algorithmic mechanism of Deferred
Acceptance (DA), which uses imputed preferences based on school proximity to the stu-
dent’s home (ranking the closest available school first and furthest school last) within a 5
km radius.

Conditional on students’ preferences based on distance, students are randomly allocated
to schools temporarily to maximize the likelihood of getting a spot at their most preferred
school (closest in this context). Therefore, students with similar ’preferences,” in this
case, close geographical proximity, achieve their final allocations by chance allowing us to

compare their behavior.
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Our identification strategy assumes exogenous randomness in the assignment. A possi-
ble threat to this assumption is observing that parents strategically listed their addresses
close to their preferred school. However, we do not believe this is a reason for concern. As
we can observe in Figure 3, the likelihood of accepting an assignment is roughly constant
at around 85%. If parents were being strategic, we would observe a right-skewed distribu-
tion of acceptance where lower-ranked schools have lower rates of acceptance than higher
ranked ones. In addition, public schools with high demand were already oversubscribed
and unavailable to parents with this mechanism.

Figure 3: Distribution of Acceptances by preference ranking
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This section will introduce a preferred specification that aims to estimate the determi-
nants of parental preferences in their decision to accept or reject and to stay or leave their
assigned school, conditional on having accepted the assignment. The first stage specifica-
tion aims to causally estimate the parents’ preferences over relative school characteristics in
relation to accepting or rejecting their assignment offering. Then, conditional on accepting

their assignment in the first stage, we explore the influence of observable characteristics
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on the decision to stay or leave the assigned school'?. In particular, we run the following

regression:

Yisdgl = Vdgl + 1 - Distisq + DigyA + €isdgl (6)

Where y;s4q takes two values: first, Accept,zy,, is an indicator variable at the student

isdg
1, assigned school s, district d, level [, and grade g level that takes a value of 100 if the
student decides to accept her assignment in the first stage and a value of 0 if the student
rejects her assignment; and second Staying;.q, which takes a value of 100 if the student
decides to stay at her assigned school and a value of 0 if the student moves to another
school conditional on having accepted the assignment. The independent variables used
include Dist;zq is the distance between the assigned school s and the student ¢ addresses
in district d and D;sq capture differences in observable characteristics between assigned
schools s and the previous school of student ¢ in district d. To compute the differences,
we use the information on school class sizes as measured by the student-to-teacher ratio,
average parents’ education, average measure of academic performance (math), and school
size. We use average standardized math scores from the ECE assessment as a proxy for
overall school quality. Also, we have included characteristics that give us an idea of the
relevance of teaching quality, such as the proportion of novice teachers (with less than five
years of experience) and the proportion of temporary teachers (teachers who did not meet
the minimum standards). We include the prices of the school of origin to control for an
approximate measure of income level and a dummy to control for the student’s gender.
We include district d by grade g and level [ fixed effects denoted by agg to control for
the systematic differences in the feasible set of schools. Finally, ;541 represents the error
term.

In our main results section, we will explore specification (6) as we are interested in

13 As explained in the theoretical model, we acknowledge the selection issue in the second stage and its
possible influence over our results; therefore, our claim of causality holds only for the first stage. However,

we are working on adjusting our empirical framework to address these concerns in the second stage.
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causally estimating ¢ and A for the first stage and exploring the variation in these estimates
in the second stage. Finally, we explore the robustness of these results by applying more
granular fixed effects where we only compare among students who have the same top two
schools listed in their set of preferences (based on proximity). We also refined our fixed
effects at a more granular level to compare among those who have the same top 3 schools
and include it in the appendix. Comparing students with the same schools listed among
their top priorities closely mimics the randomization mechanism used by the algorithm.
The level for the clustering of standard errors is the district by grade and level.

4.2 Main Results

4.2.1 Preferred specification

Table 1 presents the specification (6) results when the dependent variable indicates whether
the parents accept or reject the assignment for columns (1) and (3). In contrast, columns
(2) and (4) present the results when the dependent variable indicates whether the parents
stay in their assigned school or leave. This last stage presents the results conditional
on parents accepting their assignment in the first stage. As mentioned, specification (6)
allows us to causally estimate the determinants of the first decision: accept the public
school offered or reject it for another alternative (public or private). In contrast, columns
(2) and (4) show the likelihood of remaining at the assigned schools after conditioning the
sample of having accepted their assignment.

In Table 1, we consider the relative characteristics of the schools that students are
assigned to compared to the characteristics that families experienced in their previous
private schools. Columns (1) and (2) rely on district grade and level fixed effects, in
contrast with columns (3) and (4), where we used a unique fixed effect per set of the
same top 2 schools, which can be considered a stricter imposition on the distance between
households, as only those living very close to each other will be assigned the same top two
schools in their preference list. After conditioning by the more stringent set of fixed effects,

we do not observe drastic differences with our preferred specification. There is a significant
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drop in the number of observations between our Figure 1 and column (1) from Table 1.
The discrepancy occurs due to dropping clusters of observations where there needs to be
more variation in the acceptance rate within our chosen observation level (district by grade

and level).

Table 1: The effect of school characteristics on likelihood to accept and stay at assigned

school
1 2 3 4
VARIABLES ac(ce)pt s(ta)y ac(ce)pt s(ta)y
Distance (km) -1.058%#* -2.205%** -1.164%* -2.08 kK
(0.182) (0.233) (0.385) (0.539)
Dif. Distance (km) -0.328%** 0.068 -0.574%** 0.145
(0.053) (0.072) (0.119) (0.095)
Dif. Mean Math sc (s) 3.791HH% 3.404%+% 4.874%H% 5.560%**
(0.509) (0.756) 0.963) (1.634)
Dif. Mean Parent Edu. 1.894%** 3,887 2.736%%* 5.705%%*
(0.295) (0.408) (0.533) (0.678)
Log(Ratio Num St.) 2.118%*x* 4.403%+% 3.212%%% 4.310%%%
(0.540) (0.626) (1.206) (1.131)
Log(Ratio Num St.)? -0.118 -0.646%+* -0.187 -0.910%**
(0.164) (0.156) (0.380) (0.325)
Dif. STR -0.056** -0.011 -0.056 0.117*
(0.022) (0.038) (0.052) (0.059)
Dif. Prop. Novice Teachers -1.196 -1.397** -1.722 -1.814
(0.766) (0.657) (1.303) (1.171)
Dif. Prop. Temporary Teachers -1.482 1.989 -3.348 0.467
(1.331) (2.139) (3.318) (3.405)
Price School of Origin -0.008*** -0.007*** -0.006* -0.009**
(0.002) (0.002) (0.003) (0.004)
Constant 83.690*** 83.810*** 73.788%H* 80.558%H*
(1.164) (1.873) (2.876) (2.854)
Observations 47,407 35,174 19,739 14,885
R-squared 0.072 0.082 0.151 0.170
Inc. Female X X X X
FE: Dist-Gr-Lev X X
FE: Same Top 2 X X

Robust standard errors in parentheses
ik p<0.01, ** p<0.05, * p<0.1

(a) Note: Standard errors have been clustered at the district by level and grade level.

Distance to the school is highly relevant in the first decision. In Table 1, we find that
both in columns (1) and (3), the effect of distance to school on the likelihood of accepting
the assigned school varies from a decrease of 1.06 percentage points (pp.) to 1.16 pp. in
the likelihood of accepting the assigned school for every 1 kilometer (km.) increase in the
distance. This indicates a weak sensitivity of parents’ choices to the distance it will require
their children to travel daily to school in the first decision. We also find a negative impact

of the distance to the school on the likelihood of remaining at their assigned school. In
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contrast with column (1), we observe an increase in the negative impact of distance from
1.06 to 2.21 p.p., implying a possible higher sensitivity to the distance at this stage. It
is also important to highlight that all classes were still virtual when deciding to stay or
switch schools. This fact is relevant because it might indicate that parents considered the
move for the long run and not as a short-term solution. Given that distance to the school
is irrelevant in online education, parents may have considered the move to public education
as a long-term decision. We explore possible non-linear effects of distance in Appendix A.4
but find little evidence'.

Interestingly, while the distance, in absolute terms, impacts the likelihood of accepting
the assignment, the relative distance between the school of origin and the family’s house-
hold (Dif. Distance) also negatively impacts the chance of accepting the assignment. In
essence, families are unwilling to accept school assignments further away from their homes
than their school of origin. This comparative framing is relevant at the first stage, but not
for the decision to stay at the newly assigned school, as depicted in columns (2) and (4).

Beyond the role of distance, we observe that parents care about peer demographics.
Parents value that the families in their newly assigned public school are relatively more
educated than parents in their previous private school. An increase of a unit difference in
the average level of education (an increase in the category towards receiving an academic
degree) between the assigned school and the private school of origin affects the likelihood
of accepting the assigned school by between 1.89 p.p. and 2.74 p.p. The results indicate
that peer demographics matter when choosing which schools to attend. Moroever, when
we analyze the likelihood of staying in the school, the coefficient increases to between 3.4
p-p- and 5.56 p.p., indicating the importance of this dimension when deciding to remain
at the assigned school. This indicator can also be understood as a proxy or composite
good of other features parents value in the school that are not necessarily related to peer

demographics. For example, parents may believe that more educated parents are more

41n the iterations of the paper, we plan to explore heterogeneous effects of other dimensions such as

families’ income, using the information on the price of their original private school, as well as gender.
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likely to attend improving schools (because more educated families may pressure for these
improvements), safer schools, or other vital dimensions of school quality not directly related
to student achievement. Since they may not have information on test scores, they may
also use peer demographics as a proxy for student achievement.

In addition to caring about distance and peers, school quality as measured by student
achievement is also relevant to parents. As mentioned above, we use the schools’s mean
standardized math score on the ECE exams as a proxy for school quality.In particular,
we find that an increase of a standard deviation of the difference in mean math scores
between the assigned and origin school increases the likelihood of accepting the assignment
by between 3.79 and 4.87 p.p. and also increases the likelihood of staying in the assigned
school between 3.4 p.p. and 5.56 p.p. The stability of student achievement in the first and
second stage suggests that parents care about the quality of the schools their kids attend.
This result is consistent with findings reported by Abdulkadiroglu et al. (2020) and others
that find that parents prefer schools with higher test scores. Regarding school size, we find
that relative school size is also a factor that parents consider. The effect of an increase
in a unit of the log ratio in school size (measured as the number of enrolled students)
between the assigned and origin school raises the probability of accepting and staying at
the assigned school. Parents may observe the large number of students enrolled at a school
relative to their previous school as a possible signal of school quality (popularity). However,
the relationship is not linear'®. Accepting and staying is less likely if the assigned school
is much larger than the private school of origin.

In addition, the results show that in the assignment stage, parents are less likely to
accept being assigned to schools with larger teacher-student ratios (STR). However, this
result does not hold if we consider our more stringent set of fixed effects.

The proportion of novice teachers has no relevance in the decision to accept the assigned

school, probably because it is a characteristic unknown by the parents in the first stage.

15We have tested for joint significance of the quadratic terms: In the first column, the F-statistic is

16.24, while in the second column, it is 27.21, i.e., both are jointly significant.
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Interestingly, when analyzing the likelihood of staying at their assigned school, parents
are less likely to remain in schools with a higher proportion of novice teachers. Although
this result does not hold in our more stringent fixed effect specification, it suggests that
families are less likely to stay in schools with more inexperienced teachers. Following what
we learn from our theoretical model, after parents experienced the new public school, they
internalized the implications of this dimension and decided to leave.

Finally, higher tuition at the private school of origin is associated with a lower proba-
bility of accepting the assigned public school. We may interpret this variable as a family’s
purchasing power. Given the larger set of schools available, more affluent families were
less likely to transition to the public sector. Another interpretation is that parents who
initially paid higher private school fees perceive private schools to be higher quality than
public schools and thus may be less likely to leave these schools.

Our findings are consistent with findings reported by Jacob and Lefgren (2007) and
Burgess et al. (2015) that show that the families prefer higher-performing schools and
better peer demographics, and are sensitive to school’s proximity to their residence. Using
data from a centralized matching system after eliminating school attendance zones in
New Orleans post—Hurricane Katrina, Harris and Larsen (2017) find that parents prefer
schools with higher test scores and higher value-added. However, parents also consider
non-academic attributes such as after-school care, extracurricular activities, whether the
child had a sibling in the school, and proximity to home. (Glazerman and Dotter, 2017)
report that commuting distance, peer demographics, and academic indicators play essential
roles in school choice and that there is considerable heterogeneity of preferences by parent
demographics.

In Table 2a, we standardize same set of variables as in Table 1 in order to gain insight
into the relative importance of each dimension on the decisions to accept and stay at the
assigned schools. We find that most factors that affect the decision to accept the assigned

schools are weighted similarly. However, in the second stage, school quality (difference
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in average math scores (s)) falls behind other factors such as distance to the school and
difference in mean parents’ education.

Table 2: The effect of school characteristics on the likelihood to accept and stay at assigned
school - Standardized

(1) (2) (3) (4)
VARIABLES accept stay accept stay
Distance (km) =207k -4 317 -2. 27K -5.84 7KK
(0.356) (0.456) (0.754) (1.055)
Dif. Distance (km) -1.722%%% 0.359 -3.020%** 0.762
(0.277) (0.380) (0.626) (0.499)
Dif. Mean Math sc (s) 2.105%** 1.890%*** 2.706%** 3.087***
(0.282) (0.420) (0.535) (0.907)
Dif. Mean Parent Edu. 1,987+ 4.077HF* 2.869*** 5.983*#*
(0.310) (0.428) (0.559) (0.711)
Log(Ratio Num St.) 2.359%F* 4.904%*** 3.57¥H* 4.801%**
(0.602) (0.697) (1.343) (1.260)
Log(Ratio Num St.)2 20.350 _1.908*** 10.554 2,690+
(0.436) (0.461) (1.124) (0.959)
Dif. STR -0.523** -0.106 -0.519 1.084*
(0.206) (0.351) (0.480) (0.551)
Dif. Prop. Novice Teachers -0.451 -0.526** -0.649 -0.684
(0.289) (0.248) (0.491) (0.441)
Dif. Prop. Temporary Teachers -0.426 0.572 -0.962 0.134
(0.382) (0.615) (0.953) (0.979)
Price School of Origin -1.484*** -1.374%** -1.110* -1.751%**
(0.339) (0.404) (0.636) (0.816)
Constant 80.728*** 75.008%*** 72.298%*** 68.111*+*
(0.137) (0.212) (0.316) (0.357)
Observations A7 407 35.174 19,739 14,885
R-squared 0.072 0.082 0.151 0.170
Inc. Female X X X X
FE: Dist-Gr-Lev X X
FE: Same Top 2 X X

Robust standard errors in parentheses
ok p<0.01, ** p<0.05, * p<0.1

(a) Note: Standard errors have been clustered at the district by level and grade level.

In contrast with our preferred specification, we could have used the observable char-
acteristics of the assigned schools regarding the decisions to accept and stay. Table 12
(appendix levels results) presents the results of these specifications. We first find some
similarities with our preferred specification, with the effect of distance and the importance
of peer quality being relatively similar. However, we highlight some interesting differences.
First, school quality does not seem to play a role in the decision to either accept the assign-
ment or stay at the assigned school. The importance of school size only seems relevant in

the second stage of remaining at the assigned school'®. We also find that the proportion of

16We have tested the joint significance in the first stage and found null results for both coefficients of

school size (p-value = 0.32)
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inexperienced teachers appears relevant in the acceptance stage. It could be that younger
teachers were perceived as a sign of quality, given that the educational offering was still

remote and relied upon some tech expertise.
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5 Discussion

During the first year of the COVID-19 pandemic, Peru experienced an unprecedented rise
in the demand for public schools by students enrolled in private schools. More than a
hundred thousand students requested a transfer to a public school due to factors such as
the extended school closures during the first year of the pandemic, lack of adaptability by
private schools to move to online education, and the cost of paying private school tuition
during an economic crisis.

In response to the rapid rise in the demand for public schools, the Ministry of Education
designed a centralized assignment system to absorb these students into the public sector.
The inherent experimental variation from this system offered a unique opportunity to better
understand what this specific group of parents, middle and lower middle class families who
enroll their children in private schools, values in public schooling. Analyzing this setting
offers insights for governments to strengthen the supply of public schooling and possibly
reverse the pre-pandemic trends between public and private education.

This paper offers insights into what this group of parents value in a public school before
and after experiencing the assigned school. We explore the role of school attributes such
as distance, academic quality, and peer demographics, among other factors, both in the
decisions of accepting and staying at the assigned public school. Parents value distance,
academic quality, and peer demographics. When comparing these features between the
decisions of accepting and remaining at the assigned public school, we find that absolute
distance to the school and peer demographics play a more significant role than academic
quality in the decision to stay. However, all three factors remain relevant in the decisions
to accept and remain at the assigned school.

The results from this paper have important implications for policy 7. First, consistent

with previous evidence, controlling for other factors, parents care about student demo-

"However, one must be careful with extrapolating these results since, in this setting, parents only
learned about the public school imperfectly through the online remote learning experience. Results could

be different if parents had experienced the public school in-person.
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graphics. In the context of Latin America and the Caribbean, public schools tend to be
less diverse and serve the most disadvantaged students. Therefore, attracting a more di-
verse clientele into the public sector is essential to foster diversity and attract more middle
class families. Otherwise, the segregation of students can become more severe as schools
become less diverse, which can stigmatize public schools. Second, even after controlling
for other relevant factors, the school’s academic quality remains prevalent for parents in
the decision to both choose and stay in the assigned school. The Peruvian government
may continue to focus on school reforms that improve the quality of public schools. For
instance, over the last decade, the government instituted reforms to modernize the teacher
career path (Elacqua et al., 2018) and attract and select more effective teachers into the
profession.

An important takeaway is that experimentation is essential for parents’ decisions to con-
sider enrolling their children in public schools. The policy implication is that short-term
incentives to experience public services (like education) can have long-term consequences
for a significant group of parents. Only 16%'® of the students who experienced the as-
signed public school in 2020 returned to the private sector in 2021. Despite the evidence,
that, all else equal, private schools do not have higher achievement than public schools
(Balarin, 2015), parents in Peru have the perception that private schools are better 9.
Publishing objective school-level information on test scores or value-added measures may
reduce misconceptions about public and private school quality. The Peruvian government
may also run campaigns to increase citizen knowledge about the objective attributes of

public schools.

¥0Only 10438 students out of the 63962 who experienced at least a few months in the assigned public

school in 2020 returned to the private sector in 2021.
19 Este Pais, May 1°¢, 2014
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A Appendix

A.1 Sample details

Table 3: Covariates by Stages

Sample Accept Stay
N Mean SD N Mean SD N Mean SD
Distance (km) 69373  2.11 1.40 57496  2.09 1.40 35639  2.05 1.40
STR 69344 2247 496 57475 22,54 494 35630 22.55 5.02
Mean Math sc (s) 54331  -0.01 0.32 44533 -0.01 0.32 30993 0.01 0.31
Mean Parent Edu. 54321 491 0.63 44525  4.92 0.62 30992 4.94 0.61
Log(Num. of Students) 69344  6.01 0.77 57475 6.01 0.77 35630 6.14 0.71
Prop. Novice Teachers 69011  0.14 0.17 57203 0.14 0.17 35437  0.13 0.16
Prop. Temporary Teachers 69361  0.36 0.22 5748  0.36 0.22 35632  0.35 0.20
Price School of Origin 68543 232.85 192.05 56728 225.00 178.56 35175 220.06 178.88
Table 4: Difference in Covariates by Stages
Sample Accept Stay
N Mean SD N Mean SD N Mean SD
Dif. Distance (km) 67933 -0.14 4.24 56195 -0.20 4.33 34773.00 -0.20 4.30
Dif. STR 67993 5.37 9.13 56313 5.53 9.17 34915.00 5.68 9.34
Dif. Mean Math sc (s) 50541  0.10 0.55 41161 0.12 0.55 28465.00 0.14 0.54
Dif. Mean Parent Edu. 49534 -1.46 1.02 40279 -1.39 0.99 27813.00 -1.31 0.95
Log(Ratio Num St.) 68228 1.22 1.04 56503 1.27 1.04 35042.00 1.37 1.04
Dif. Prop. Novice Teachers 65933 -0.20 0.38 54569 -0.20 0.38 33713.00 -0.20 0.38
Dif. Prop. Temporary Teachers 68028 -0.63 0.23 56273 -0.62 0.23 34884.00 -0.64 0.21
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A.2 Empirical Appendix
A.3 Specification with School Environment Index

In this new specification, school characteristics are incorporated into the School Environ-
ment Index. This allows us to address the fact that, even though school characteristics were
randomly assigned, they were done jointly rather than individually, making it impossible
to isolate the exogenous variation of each covariate.

However, we believe it is plausible to isolate the exogenous variation of distance, thus
identifying a causal effect. The threat to this identification would be the presence of unob-
servable factors related to distance that are not observable to econometricians. Even when
conditioning on other observable school characteristics, these factors may still influence the
distance variable and have an impact on our dependent variable.

The School Environment Index is defined as follows:

Mean Math sc + Mean Lang. sc. + Mean Parent Edu. + Log(Num Students)+

STR + Prop. Non-Novice teachers + Prop. Permanent Teachers

SE Index =

7

Table 5: The effect of distance and School Environment Index on likelihood to accept and

stay at assigned school

(1) (2) (3) (4)

VARIABLES accept stay accept stay
Distance (km) -1.100%** -2.1647%H* -1.453%4* -3.044%%%
(0.163) (0.231) (0.344) (0.514)
Dif. Distance (km) -0.325%* 0.081 -0.540%* 0.143
(0.046) (0.065) (0.104) (0.094)
School Environment Index 17974 6.056%** 2.314** 8.109%**
(0.442) (0.853) (1.138) (1.753)
Price school of origin -0.018%** -0.025%** -0.0217%%* -0.034%**
(0.003) (0.004) (0.005) (0.008)
Constant 87.485*** 84.750*** 80.662*** 82.103***
(0.617) (1.067) (1.100) (1.982)
Observations 54,209 40,905 22,723 17,605
R-squared 0.060 0.066 0.128 0.135
FE: Dist-Gr-Lev X X
FE: Female X X X X
FE: Same Top 2 X X

Robust standard errors in parentheses
K p<0.01, ** p<0.05, * p<0.1

(a) Note: Standard errors have been clustered at the district by level and grade level.
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Table 6: The effect of distance and School Environment Index on likelihood to accept and

stay at assigned school

(1) (2) (3) (4)
VARIABLES accept stay accept stay
Distance (km) S1L118R 2 1Bk ] 315 2 gk
(0.178) (0.230) (0.381) (0.539)
Dif. Distance (km) -0.317*** 0.084 -0.576*** 0.158
(0.052) 0.075 (0.119) (0.104)
School Environment Index -6.456*** 2.660** -0.845%** -4.346*
(0.757) (1.246) (1.415) 2.414
Dif. SE Index 8.336*** 9.191*** 11.886*** 12.855%**
(0.749) (0.907) (1.256) (1.774
Price school of origin -0.008%*** 0.013%*** -0.007** 0.017#+*
(0.002) 0.003 (0.003) 0.006
Constant 84. 78 7F** 81.887*** 76.837*** T7.907***
(0.507) (0.882) (1.083) (1.697)
Observations 47,388 35,149 19,724 14,864
R-squared 0.072 0.078 0.151 0.166
FE: Dist-Gr-Lev X X
FE: Female X X X X
FE: Same Top 2 X X

Robust standard errors in parentheses
K p<0.01, ** p<0.05, * p<0.1

(a) Note: Standard errors have been clustered at the district by level and grade level.

Table 7: The effect of distance and School Environment Index on likelihood to accept and

stay at assigned school - Standardized

0 2) 3) (1)
VARIABLES accept stay accept stay
Distance (km) -2.154%%* -4.236%** -2.844 %% -5.958%**
(0.319) (0.453) (0.674) (1.007)
Dif. Distance (km) -1.712%5%* 0.425 -2.841%%* 0.754
(0.240) (0.342) (0.548) (0.495)
School Environment Index 1.797*** 6.056%** 2.314%* 8.109%**
(0.442) (0.853 (1.138) (1.753)
Price school of origin -3.533*** 4.860%** -4.033*** 6.688%H*
(0.504) 0.786 (0.951) (1.612)
Constant 81.732%%* 75.159%** 73.780*** 68.748%H*
(0.133) (0.193) (0.269) (0.417)
Observations 54,209 40,905 22,723 17,605
R-squared 0.060 0.066 0.128 0.135
FE: Dist-Gr-Lev X X
FE: Female X X X X
FE: Same Top 2 X X

Robust standard errors in parentheses
K p<0.01, ** p<0.05, * p<0.1

(a) Note: Standard errors have been clustered at the district by level and grade level.
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Table 8: The effect of distance and School Environment Index on likelihood to accept and

stay at assigned school - Standardized

(1) (2) (3) (4)
VARIABLES accept stay accept stay
Distance (km) -2.189% K 4 225 kg BTk 5 823K
(0.348) (0.451) (0.746) (1.056)
Dif. Distance (km) -1.669*** 0.441 -3.030*** 0.830
(0.276) (0.395) (0.627) (0.549)
School Environment Index -6.456*** -2.660** -0.845%** -4.346*
(0.757) (1.246) (1.415) (2.414)
Dif. SE Index 8.336%** 9.191%** 11.886%** 12.855%**
(0.749) (0.907) (1.256) (1.774)
Price school of origin -1.658%** -2.600*** -1.389** -3.358%***
(0.348) (0.606) (0.646) (1.076)
Constant 80.917*** T4.627*** 72.981*** 68.108***
(0.112) (0.194) (0.266) (0.393)
Observations 47,388 35,149 19,724 14,864
R-squared 0.072 0.078 0.151 0.166
FE: Dist-Gr-Lev X X
FE: Female X X X X
FE: Same Top 2 X X

Robust standard errors in parentheses
K p<0.01, ** p<0.05, * p<0.1

(a) Note: Standard errors have been clustered at the district by level and grade level.
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To demonstrate that it is plausible to consider that the variation in the assigned distance
to school is independent of the other covariates, the following table is presented, where the
dependent variable is the assigned distance to school. It can be observed that none of the

covariates are significant.

Table 9: Relation Distance and Covariates

(1)

VARIABLES Distance (km)
STR 0.001
(0.007
Mean Math sc (s) 0.092
(0.166)
Mean Lang sc (s) -0.127
(0.214)
Mean parent edu -0.046
(0.061
Log(Num Students) -0.366
(0.397)
Log(Num Students) cuad 0.023
(0.033
Prop. inexperienced teachers 0.175
(0.122)
Prop. temporary teachers 0.279%*
(0.128)
Price school of origin -0.000
(0.000
Constant 3.601***
(1.198)
Observations 55,031
R-squared 0.356
FE: Dist-Gr-Lev X
FE: Female X
F-test: 6.84
Prob > F: 0.0000

Robust standard errors in parentheses
K p<0.01, ** p<0.05, * p<0.1

(a) Note: Standard errors have been clustered at the district by level and grade level.
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A.3.1 Main Specification - Robustness Check

In Tables 10 and 11, we present a robustness check of specification (6). The first four
columns are the same as in Table 1. Columns (5) and (6) change the set of fixed effects we
use. In these columns, we used a unique fixed effect per set of the same top 3 schools, which
means an even stricter imposition on the closeness between households. After conditioning
by the more stringent set of fixed effects, we do not observe drastic differences with our
preferred specification. Notice that we experience a drop in the number of observations
between our Figure 1 and column (1) from Table 1.

ov
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A.3.2 Alternative Specification

This section will explore an alternative specification similar to the main one. We will
also use two dependent variables: first, Accept; 4 1s an indicator variable at the student
1, school s, district d, level [, and grade g level that takes a value of 100 if the student
decides to accept her assignment in the first stage and a value of 0 if the student rejects
her assignment; and second Staying;,;,; which takes a value of 100 if the student decides
to stay at her assigned school and a value of 0 if the student moves to another school
conditional on having accepted the assignment.

The independent variables of interest Xy aim to capture school s at district d char-
acteristics of parents’ potential interest when they make a decision. First, we calculate
the distance Dist;sq between the school s and the student i addresses in district d. In
addition, we find information on school class sizes as measured by the student-to-teacher
ratio, average parents’ education, average measures of academic performance (math), and
school size. Also, we have included characteristics that give us an idea of the relevance
of teaching quality, such as the proportion of novice teachers (with less than five years
of experience) and the proportion of temporary teachers (teachers who did not meet the
minimum standards). We include the school of origin’s prices to capture an approximate
measure of income level and control for students’ gender. We include district d by grade
g and level [ fixed effects denoted by agqg to control for the systematic differences in the
feasible offer sets of schools. Finally, e;s44 represents the error term.

In summary, we will use the same variables as in specification (6), but in levels instead
of the differences between the assigned and original schools. The results are in Table 12
and 13

Yisdgl = Qdgl + 1 - Distisq + XqQ + €isdgl (7)
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A.4 Heterogeneous Effects
A.4.1 Heterogeneous effect: Distance

Next, we discuss the non-linear effects of distance on the likelihood of accepting and staying

at the assigned school:

n=4

Yisdgl = Qldgl + Z N - I{DiStisd € Qr} + D;dA + €isdgl (8)

n=2

We explore the heterogeneity of the effects of distance using the same set of variables
as specification (6) with the exception of the distance variable. We replace the distance
variable with an indicator that categorizes distance into their respective quartiles in the
distribution resulting in equation (8). We denote each quartile of the distribution of dis-
tance to school as @, where r = 1 denotes the group with the smallest distances, and r =
4 denotes the group with the largest distances. The group ranges are [0, 0.79), [0.79, 1.8),
[1.8, 3.19), and [3.19, 4.23).

We include the regression tables in Appendix Table 14 and plot the estimates for 7,
for r € 2,3,4 from column (1) from each specification. In all specifications, we exclude the
smallest distance category (r = 1); therefore, the coefficients are meant to be interpreted
as differences between each group and the group in the first category. We also run a
similar specification observed in Figure 12 where, instead of using distance quartiles, we
bin distances by km to observe if a more granular analysis of distance yields different
conclusions. This approach yields the following group ranges [0,1), [1,2), [2,3), [3,4), and
[4,5). Similarly to specification 8, we drop the smallest distance category (]0,1)) and plot
the coefficients, which are meant to be interpreted as differences between each group and
the group in the first category.

Figure 11 (both panels) shows a surprisingly linear relationship between the distance
between an increase in distance to the school and the likelihood of accepting and staying at
the assigned school when allowing for non-linear effects in each group category of distance.
We find that the coefficients of the effect on the likelihood of accepting the assigned school
for each group, when compared to the smallest quartile of distance, vary between -2.13 p.p.
up to -4 p.p. We cannot rule out that the effect sizes for all these categories concerning the
first group are the same as we observe overlapping confidence intervals. It is important to
note that in the first stage, we incorporate the difference in distances between the origin
and the assigned school as an additional regressor. This variable is significant in the first
stage and may tamper the overall effect of distance on the likelihood of accepting the school
assignment. Also, the coefficients of the effect on the likelihood of staying at the assigned
school for each group, when compared to the smallest quartile of distance, vary between
-3.06 p.p. up to -8.42 p.p. (the effects can reach up to -11.18 considering different sets of
fixed effects). These effects are significant considering the size of the rest of the coefficients
in the Table and the economic implication of these estimates. We find a drop of about 8
p.p. in the likelihood of staying at their assigned school if attending a school that is more
than 3 km from the parent’s house compared to being assigned to a school that is within
1 km from a parent’s house implies that distance is a very relevant factor when assessing
the desired qualities in a school for a family. In contrast to panel (a), we observe that the

effect sizes of the largest quartile group are statistically different when compared to that
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Figure 11: Heterogeneous effects of distance by quartiles
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Figure 12: Heterogeneous effects of distance by sections
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of the second quartile (|0.79,1.8)).

In contrast to Figure 11, although we still observe a linear pattern in the coefficients
from panel (a), we now find that the point estimates of the coefficients of panel (b) seem
to remain constant after 3km. However, we can only differentiate the coefficients in the
second category [1,2) from those in categories [3,4) and [4,5). The effects of distance on the
likelihood of staying at the assigned school grow from -3.98 in the second category to -8.7
in the last category, more than doubling. As discussed in the text, parents in the second
stage seem very sensitive to distance..

In the Table 14 we show the results of the specifications (8), which explore the non-

linear effects of distance on the likelihood of accepting and staying at the assigned school.
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