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1. INTRODUCTION

Search and information frictions are a popular explanation for consumer de-
mand for low-quality or expensive goods when cheaper, higher-quality alterna-
tives exist, especially in markets with complex goods and/or many alternatives.!
A researcher who observes consumers choosing a low-quality option may estimate
search costs and conclude that they are high. These estimated costs, opaque to re-
searchers, may motivate a market designer to pursue ad-hoc fixes or to reduce the
scope of choice.? We study an alternative—or complementary—explanation: mis-
perceptions and biases may distort the perceived returns to search. If people over-
estimate the quality of the alternatives they know, or underestimate the quality of
those they have not yet looked into, then only a modest cost, reflecting further fric-
tions, is needed to rationalize low levels of search. Moreover, a designer may help
consumers by providing information.

We empirically investigate misperceptions, beliefs, and search effort in a com-
plex, high-stakes decision: parents” choice of schools for their children in the con-
text of Chile’s nationwide school choice process. We ask: how do parents’ (limited)
awareness of schools, (inaccurate) perceptions of their characteristics, and (biased)
beliefs over their distribution interact with their preferences and search costs to
distort their information-acquisition efforts, application decisions, and school as-
signments?

To address this question, we construct a quantitative model of demand for
schools with heterogeneous preferences and search costs, extending prior models
by endogenizing search and incorporating relevant biases and misperceptions. We
estimate heterogeneous misperceptions of schools” prices, government-provided
quality scores, admissions chances and unobserved match qualities, as well as
heterogeneous and potentially biased beliefs about the distribution of these four

objects over unknown schools. Parents are initially endowed with limited infor-

ISee e.g. Sorensen (2000), Handel and Kolstad (2015b), Agarwal et al. (2020), Bhattacharya et al. (2024),
Ajayi and Sidibe (2020). Examples include markets for health plans, mortgages, and education.

2Proposed responses to high search and information-acquisition costs include simplifying choice sets
(Brown and Jeon, 2023, Abaluck and Gruber, 2016), providing default options (Handel and Kolstad,
2015a), and encouraging delegation to intermediaries (Boehm, 2023).
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mation, and may discover new schools, or obtain additional information about
“known” schools, by paying a cost. Once this cost exceeds the subjective expected
benefit, they stop searching and submit an application to an assignment mecha-
nism. To estimate the model, we collect novel data on parents’ search activity on
a “school explorer” platform that we designed and implemented in collaboration
with the Chilean Ministry of Education, and conduct field experiments to generate
exogenous variation in perceptions and beliefs. We measure parents’ beliefs, per-
ceptions, preferences, and awareness of schools, before and after our interventions
and their search decisions, via a novel panel of household surveys which we link
to parents’ explorer activity and to administrative application data.

We find that search costs interact with misperceptions and biased beliefs. Hold-
ing search costs and initial awareness of schools fixed, providing correct per-
ceptions and rational expectations would raise aggregate welfare by the equiv-
alent of a 0.25-kilometer decrease in distance, achieving 60% of the gains of a
full-information zero-search-cost benchmark. Alternatively, holding mispercep-
tions fixed, one would have to reduce estimated costs by 95% to achieve these
gains. Decomposing biases and misperceptions, we find that the most important
are misperceptions about observable characteristics—prices and quality scores—of
known schools. Correcting these alone would achieve 45% of the welfare gains of
full information. Moreover, doing so would achieve all of the gains from a full-
information benchmark in the quality and value-added of assigned schools, and
would entirely close the existing gap in these measures between students from
low- and high-socioeconomic status (SES).? Had we estimated misspecified mod-
els without misperceptions and subjective beliefs, we would have obtained inac-
curate estimates of search costs and reversed the sign of changes in school quality
under counterfactuals.

We establish these findings via the following steps. First, we present descriptive

analyses using a baseline survey, conducted several months before applications are

3In the absence of information interventions, low-SES students would be assigned to schools with an
average quality score of 2.969, while high-SES students” assigned schools” average quality would be
3.093. Under this counterfactual, these numbers would increase to 3.193 and 3.181, representing 0.29
and 0.11 standard deviations respectively.
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due, and subsequent “midline” and “endline” surveys, as well as administrative
application data. We find that households know by name fewer than 50% of ran-
dom nearby schools asked about at baseline, and know fewer than 20% of schools
well. Thus, there is a role for search effort. Parents hold noisy but not systemati-
cally pessimistic beliefs about the distribution of academic quality scores of schools
not yet investigated. However, they also perceive the characteristics of “known”
schools with noise, leading them to systematically overestimate the quality of their
tirst-choice school. Preference rankings over schools in surveys and administra-
tive data are sensitive to perceived quality score, indicating that households value
this characteristic. Moreover, conditional on elicited perceptions of quality, par-

YAy

ents’ preference rankings do not depend on the schools” “true” quality. Examining
within-household updates across surveys, we also find that explorer search activ-
ity predicts knowledge of schools and accurate perceptions of their characteristics.

Second, we analyze our experiments. We embedded two randomized informa-
tion interventions within the school explorer platform, which we shared with par-
ents just after our baseline survey. The first treatment arm provided personal-
ized information about the joint distribution of nearby schools” prices and qual-
ity scores, but did not provide information about specific schools. A second arm
highlighted nearby low-cost high-quality schools, making them salient, in addi-
tion to this distributional information. These treatments caused changes in beliefs,
search activity, knowledge of schools, and placements, with the effects driven by
households with college-educated mothers, a proxy for high SES.

In addition, we used administrative application data to conduct a third ran-
domized intervention that provided tailored feedback on the initial application
parents submitted, targeting parents” misperceptions about known schools. This
“fteedback” intervention took place roughly a week before the final deadline, and
provided personalized information about the price, quality, and admissions chance
of schools to which parents had provisionally applied.* We find that this interven-
tion corrected perceptions about school characteristics and had large impacts on

the application decisions of low-SES parents.

4In addition, we use the platform to warn students with low chances of receiving a placement; see
Arteaga et al. (2022).
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Finally, we use the data, descriptive analyses, and experiments to inform a
model of search and school choice. Chile uses a student-proposing deferred ac-
ceptance algorithm with lottery tiebreakers and no constraint on list length, fol-
lowing best practices in market design (Abdulkadiroglu et al., 2005, Correa et al.,
2019). This mechanism produces rich preference data, and gives parents a simple
dominant strategy at the time that applications are due: rank schools in order of
their expected payoffs given the parents’ information. However, the presence of
search costs makes beliefs about admissions chances relevant to parents” search
decisions (Arteaga et al., 2022). Our model incorporates admissions uncertainty
and the need to pick a portfolio, which make the search decision difficult relative
to standard settings (McCall, 1970, Weitzman, 1978).

Our empirical strategy exploits multiple measurements as well as shifters of in-
formation that are excluded from payoffs. We observe survey preferences at base-
line and administrative rank-order lists at two times: just before the feedback inter-
vention, and at the final deadline. We obtain measures of awareness, beliefs over
unknown schools, and perceptions of known schools from up to three surveys per
household. In the model, in the event parents know a school by name but not well,
its subjective expected value is given by a “low-information” potential payoff, re-
flecting their best estimate of its expected utility given their beliefs. If they gather
more information, they rank it according to a “high-information” potential payoff
instead. Parents’ search decisions, our randomly-assigned treatments, and passive
learning over time provide variation in information across households, and within
households between survey waves and measurements, that is excluded from these
potential subjective payoffs.

We estimate the model in two steps. First, we estimate the parameters govern-
ing payoffs, awareness of schools, and perceptions of schools” characteristics via
MCMC, extending Bayesian demand-estimation methods (McCulloch and Rossi,
1994), in school choice settings (Agarwal and Somaini, 2016, 2018, Kapor et al.,
2020) with limited availability (Kapor et al., 2022) to our panel-data context.> Sec-

ond, we estimate parents’ beliefs over unknown schools, then impose optimality

5For choice with limited availability and/or awareness, see also Agarwal and Somaini (2022) and He
et al. (2021). We differ by observing rank-order lists and measures of parents’ awareness of schools.
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of their search decisions to recover search costs and simulate counterfactuals. In
counterfactuals we decompose the effects of all the misperceptions and biases that
we model, and compare these to reductions in search costs.

Our results provide a unified treatment of the impacts of providing information
about admissions chances (Arteaga et al., 2022, Ajayi et al., 2020, Gurantz et al.,
2021, Hoxby et al., 2013, Hoxby and Turner, 2015, Luflade, 2017) and those of
providing information about characteristics of schools (Hastings and Weinstein,
2008, Mizala and Urquiola, 2013, Corcoran et al., 2018, Cohodes et al., 2022, An-
drabi et al., 2017, Allende et al., 2019, Bergman et al., 2020). While these litera-
tures demonstrate that information can improve placement rates and outcomes,
the estimated impacts depend on both the importance of the friction being tar-
geted and the effectiveness or “takeup” of the intervention, and give little guid-
ance about extrapolation. Our model and direct data on belief updating let us dis-
tinguish these factors and make comparisons across intervention types. While our
results are consistent with large effects of targeted admissions-information inter-
ventions (Arteaga et al., 2022), we find that fully correcting parents” misperceptions
of schools’ price and quality would have much larger effects than fully correcting
beliefs about admissions chances. Although high-SES parents responded more to
our initial “search” interventions than did low-SES parents, full-takeup informa-
tion interventions would have larger impacts on low-SES households.

Our paper is related to contemporaneous work estimating households” percep-
tions of school quality (Corradini, 2024) and eliciting perceptions of schools” char-
acteristics from household surveys (Corradini and Idoux, 2023). We differ by mod-
eling search and information acquisition. As our setting differs from theirs, we do
not investigate the role of race.

We contribute to the empirical literature on consumer search (Sorensen, 2000,
De los Santos et al., 2012, De Los Santos et al., 2017, Dinerstein et al., 2018, Hodg-
son and Lewis, 2023, Moraga-Gonzalez et al., 2023, Agarwal et al., 2020). Our study
is also closely related to an experimental literature studying the effects of informa-
tion frictions on search behavior (Cortés et al., 2023, Bandiera et al., 2023, Belot
et al., 2019, Carranza et al., 2022). We provide a novel model, dataset, design, and

estimation strategy.
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Our descriptive analysis of information frictions in a high-stakes setting parallels
work on these topics in health economics (e.g. Handel and Kolstad (2015b)). As
biases about the return to search are important in our setting, we do not pursue a
rational-inattention approach (Brown and Jeon, 2023). Our model of information
acquisition is closely tied to the institutional details of our setting and the features
of the search technology we provided.

A limitation of this paper is that we estimate demand, and conduct “single-
agent” counterfactuals, holding schools’ prices, quality scores, match qualities, and
admissions chances fixed. In our setting 41% of first-choice schools had excess
capacity. In 2021, entry was heavily regulated and prices were fixed,® but other
aspects of schools such as quality “markdowns” may adjust more easily. Under-
standing search and demand is a needed input for further research on equilibrium
outcomes in this market.

The remainder of the paper proceeds as follows. Section 2 presents a motivating
example. Section 3 describes the setting. Section 4 provides descriptive analysis.
Section 5 describes and evaluates the experiments. Section 6 presents the model,

section 7 describes estimation, and section 8 presents results. Section 9 concludes.

2. MOTIVATING EXAMPLE

The following stylized example illustrates the comparative statics that moti-
vate our data collection and research design. Consider a household participating
in a student-optimal stable matching (SOSM) mechanism with independent tie-
breaking lotteries. The household knows a single school. If placed in it, the house-
hold will receive a payoff of u; > 0. However, the school will reject the household
with probability r; € [0,1]. There is also an outside option offering a sure payoff
of 0. The household may choose to exert search effort to discover one additional
school before it submits its rank-order list. If so, this school will have payoff and
rejection chance (u,7) ~ f(-), for some distribution f over R x [0, 1].

To define the gain from search, let x = {(u1,71),..., (un,7n)} denote the set of
schools that the household knows and prefers to its outside option. The house-

hold will receive a payoff u; > 0 in the event of a placement at j, but will be

6See our supplementary material S.1
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FIGURE 1.—Return to Search. Note: X-axis in all panels: utility # of new school. Panel (A): Gain

from adding a new school, U (x U (1,0)) — U(x). We take u; =1, r; = 0.25, up =2, r, = 0.5. Panel (B):

Comparative statics of the gain from adding a new school, U({(u1,71),(%,0)}) — U({(u1,71)}), with

respect to 11 and r;. Panel (C): Comparative statics of the expected gain from adding a new school with

respect to the distribution of u.

rejected by j with probability r; € [0,1], independently across schools. When the
SOSM is used, it is well known that truthful reports are optimal. Supposing
uj > uj >...>uj, the expected utility of the optimal portfolio is given by
u(e) =iy (T, ) (=7,

Panel A of Figure 1 plots the gain from search, U(x U {(u,0)}) — U(x), as a func-
tion of the utility u of the newly discovered school, for the case a single school
is known (blue line), and for other sets k. This gain from search is a piecewise-
linear increasing convex function of u that is weakly decreasing in k. To under-
stand the shape, observe that when x = {(u1,71)}, the new school will be ranked
first if u > uq. In contrast, if u; > u, then the new school will be irrelevant unless
the household is rejected by school 1, an event which occurs with probability r;.
Similarly, if 0 > u as well, the new school will never be relevant.

Panel B of Figure 1 illustrates the effects of misperceptions of school 1’s charac-
teristics. When the household overestimates the payoff 1; (dashed line) or under-
estimates the rejection chance r; (dotted line), the perceived gain from search will
be lower than the true value, which may cause reduced search effort.

Panel C of Figure 1 illustrates comparative statics with respect to distributions
over the new-school payoff u. Distribution f(u) has a higher mean but lower vari-

ance than g(u). Whether the expected gain from search is higher under f or g de-
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pends on the set of known options. When the household perceives 71 = 0.25 (blue
line) the expected gain is slightly higher under f. However, if the (subjective) re-
jection chance is lower (dashed red line), then only the right tail is relevant, and
the expected return will be higher under g. Thus the sign of the effect of shifting
households’ beliefs from g to f may depend on the set of “known” schools and
their perceived payoffs and admission chances, motivating an empirical analysis.

Finally, Panel C also illustrates that access to a more informative signal and/or
the ability to learn more about “known” schools will generally raise returns to
search. To see this, compare a point mass at up = 0.7 (vertical line) with a mean-
preserving spread about up, coincidentally given by f. Because the gain from
search is convex in u, the household would prefer to replace a point mass at u,
with a draw from f. This may be interpreted as obtaining a more informative sig-

nal.”

3. EMPIRICAL SETTING

Our study takes place within the Chilean centralized School Admission System

(SAE). Before presenting our interventions, we first discuss the setting and data.

3.1.  School Choice in Chile

The SAE assigns applicants to schools based on a student-proposing deferred
acceptance algorithm (Correa et al., 2019). The system accounts for 89% of primary
school matriculation in the country, including almost all public schools and private
schools that accept school vouchers. Seats at oversubscribed schools are rationed
through quotas, coarse priorities, and lottery-based tiebreakers. Therefore, place-
ment probabilities are student-school specific. Parents form school portfolios and
submit a rank-ordered-list (ROLs) through a centralized platform. There are no re-

strictions on ROL length, which makes the mechanism strategy-proof.® The main

7One may interpret u1 and up as posterior means given the household’s current information about
schools 1 and 2, and f as a distribution over posterior means of payoffs that is induced by some signal
structure.

8The mechanism is strategy-proof for single applicants. Parents submitting applications for multiple
siblings in the same year may face strategic considerations. We abstract from this issue. Our main sam-
ple includes children with older siblings, but experimental results are similar in a subsample without
such households. In cases of twins, we choose one twin.
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application round starts in early August. Applications can be submitted and edited
for roughly one month (Arteaga et al., 2022).°

We focus on parents applying to entry grades (pre-K, kindergarten, and first
grade). In 2021, a total of 207,578 students applied to 16,421 programs in entry
grades, representing 45% of all applicants and 35% of the total seats. Applicants
to entry grades tend to have higher placement chances at their first-choice schools
than other applicants. In the main application period of 2021, 65% of entry grade
applicants were assigned to their first preference, and 92% were assigned to a
school on their ROL, compared to 48% and 93% for non-entry grades. Further-
more, entry grade applicants apply to schools that are geographically closer. The
median distance to the first-preference school is 0.89 km, whereas for non-entry
grades, it is 1.01 km.

Efforts to provide accurate and easily accessible information about these schools
predate our study. Since its beginning in 2016, the SAE application platform has
provided a School Showcase (Vitrina SAE) website that allows parents to search
for schools by name (Correa et al., 2019). This website provides information on
searched schools” available seats, their prices, and their academic quality rating
according to Chile’s Education Quality Agency, a widely publicized measure that
we take as our main measure of quality. ¥

Applicants list few schools on their ROL (Arteaga et al., 2022). In 2021, entry
grade applicants listed an average of 3 different schools, despite having an av-
erage of 13 schools with available seats within 2km from their home. Moreover,

omissions include many schools that may be desirable for parents. Of these 13, an

9We refer the reader to Correa et al. (2019) for a detailed description of the SAE mechanism, and to
Arteaga et al. (2022) for a comprehensive description of the SAE stages and policy outcomes. A brief
summary of the system can be found in Supplementary Material S.1.

19The Education Quality Agency (Agencia de Calidad de la Educaci6n) is the main rating agency. It clas-
sifies schools into four categories (high, medium, medium-low, and insufficient performance) based
on the distribution of students in learning levels, indicators of personal development, and results from
the national SIMCE exam, adjusted for student characteristics at the school level. The SAE platform
makes parents familiar with the quality measure as it is relevant for default assignment. If a student
is not assigned to a school on their ROL, they are assigned to the closest school with available seats
that is not in the “insufficient” category. Nationally, 15% of schools belong to the high category, 55%
to the medium category, 24% to the medium-low category, and 6% to the insufficient category. Qual-
ity ratings are correlated with value-added measures, and survey data suggests that parents consider
them as important factors when choosing schools. See supplementary material for details.
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average of 6 are free for the student and have a high (4) or medium (3) academic
quality rating. Nevertheless, applicants only apply to 33% of them on average.
Arteaga et al. (2022) argue that short (suboptimal) ROLs are consistent with costly
search, and that welfare stakes are large.

For these reasons, in 2021 the Ministry of Education launched a new school ex-
plorer platform (officially, Mds Informacién Mejor Educacion (MIME)) to help par-
ents search for schools. The explorer was developed by an EdTech NGO and made
available to the participants through the government website. We collaborated in
its development and used it to host our interventions.

The school explorer platform aggregated all public information on all the schools
in the country. Two features were key for our study. First, it allowed parents to
search for schools on a map rather than by name. This allowed parents to discover
and compare nearby schools that they had not been aware of, or whose names
they had not known. Second, it used data on students’ location and characteristics
to provide individualized information.

The school explorer highlighted four key pieces of information for each school:
(1) the distance to the student’s home, (2) the out-of-pocket monthly fee which
varied with the parents’ socioeconomic status, (3) the quality category, and (4) a
personalized predicted admission probability based on past-year data and the stu-
dent’s priority category.

The explorer allowed parents to perform two main activities. Clicking on a
school location on the map (“school pin click”) provided these four pieces of infor-
mation and a link to a school profile. A second click (“school profile click”) opened
a detailed view of the school with photographs, information on the school’s lead-

ership and philosophy, and other materials.!!
3.2.  Study Design

Guided by the comparative statics described in section 2, we conducted multiple
survey rounds and two field experiments in partnership with an ed-tech NGO and
the Ministry of Education of Chile. Figure 2 provides an overview of the design

and timing of the study. In the top section of the figure (in green), we summarize

1See supplementary material for screenshots and additional details on the explorer platform.
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the data collection activities. In the middle of the figure (in blue), we present the
evolution of three relevant model objects: the set of schools that the agent knows
and may apply to at time ¢, the perception of the characteristics of those schools,
and the beliefs about the characteristics of the schools that the agent does not know
yet. In blue, we also describe potential actions the agent may take: searching for
schools, and submitting an application while the platform is open. Finally, in the
bottom section of the figure (in black), we describe the two interventions we im-

plemented to generate exogenous variation in beliefs and knowledge levels.

Recruitment+ —> Baseline Survey (t=0) Midline Survey (t=2 or after t=3) Endline Survey (after t=3)
Pre-baseline Survey ¢ Awareness * Awareness * Awareness
« Eligibility * Perceptions (known schools) * Perceptions (known schools) * Perceptions (known schools)
* Demographics * Beliefs (unknown schools) * Beliefs (unknown schools) * Beliefs (unknown schools)
* Location « Rank Ordered List (ROL) to date
Explorer Activity Submitted Rallk Ordered List Final Rank Order:d List (after t=3)
Initial Known Sets, Post Search Known Sets, Post Feedback Known Set,
Perceptions, and Beliefs Perceptions, and Beliefs Perceptions, and Beliefs
t=20 t=1 t=1+1/s,...,t=2—-1/s t=2 t=3
A S\ I_ S
~ ~
Applications Open
Search Aid Intervention + Explorer Access (t=1) Feedback Intervention (t=3)
» Control « Control
» T1: Correct Beliefs ¢ Treatment Bundle:
* T2: T1+ Reduce Search Costs * Schools in ROL: report cards

* New schools: random recommendations

FIGURE 2.—Timeline for the Model, School Choice Process, Data Collection, and Interventions

Recruitment and Collaborations: The recruitment for the study was implemented
through the Ministry of Education. Between May 25 and July 2, 2021, the govern-
ment sent an email to potentially eligible parents through childcare-center prin-
cipals across Chile that allowed them to sign up for the information program.
As described in Figure 2, we implemented a registration form to identify eligible
households and collect location and demographic information. To be eligible for
the study, a parent would need to have a child applying to an entry grade through
SAE for the first time.!?

12Tn Chile pre-kindergarten and kindergarten are not mandatory to apply for first grade. Despite this
fact, most schools in the country offer both pre-kindergarten and kindergarten.
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A total of 3,948 parents who signed up for the study and completed the base-
line survey were randomly assigned to one of three treatment arms. In our main
analysis, we exclude 837 parents who never opened the school explorer platform,
leaving us with a final sample of 3,111 parents.'? Table A.VI shows the comparison
between the universe of applicants applying for an entry grade in Chile (Column
1) and the experimental sample (Column 2). We find that parents who chose to
participate in the study tend to be less likely to be eligible for the school voucher
program, have longer rank-ordered lists, and are more likely to enroll in high qual-

ity schools.
3.3. Data

Figure 2 shows in green the primary sources of data that we use in this study.

Administrative data: We obtain information on school applications and school char-
acteristics from administrative data provided by the Ministry of Education.

¢ Application and Enrollment Data: We obtained data on each application list
submitted by parents during the application process in 2021. As described
in Figure 2, families may submit an application once the application process
starts and can change their submitted list of schools while the platform is open
at no cost. The data provided contains the initial rank-ordered list of schools,
the sequence and timing of any updates to this list, and the final assignment
and enrollment outcomes. In addition, we use administrative data from the
2020 application process to construct a predicted (non-)assignment probability
at each school for each applicant, which we provide to applicants as discussed
below.

e School Characteristics: This data contains relevant information on schools,
including their location, monthly school fees, and Education Quality Agency
quality category.'* We classified good inexpensive schools—those that cost
less than 50k CLP per month and were of either high (4) or medium (3)

13The share of parents who did not open the school explorer platform is 22% in the control group, 21%
in the treatment 1 group, and 20% in the treatment 2 group. Treatment group-specific information
was only provided within the school exlorer platform.

14 Around half of our sample households are eligible for school vouchers as part of the Subvencién Escolar
Preferencial (SEP) program and thus do not have to pay any fees for most schools.
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performance—as “highlight-worthy” . In our analysis, we further report results

based on the value added measure used in Neilson (2021).

Explorer: We tracked all activities the parents performed in the explorer platform,

including when and for which schools they opened the school pin and profile.

Surveys: We conducted four surveys to collect information on household character-
istics, knowledge, misperceptions, beliefs, and preferences for our sample parents
at key points in the search and application process.

* Registration Form: The initial registration form was used to recruit partici-
pants for the study and obtain information on demographics, family structure,
and location.

* Baseline Survey: We implemented this online survey three months before
families had to apply for schools. We consider it to measure objects at time
t = 0 in our model. It was sent to eligible parents and collected a detailed list
of schools that the parents knew,'® their perceptions about the price and qual-
ity of those schools, measurements of subjective admissions chances, and a
detailed elicitation of beliefs about the distribution of school characteristics in
their neighborhood.!® We also included questions about search behavior and
the rank-ordered list of schools to which parents were planning to apply.

¢ Midline Survey: This survey was done over the phone in the final weeks of
the application period. It collected a second measurement of parents” level of
knowledge of schools, a second elicitation of beliefs about the distribution of
school characteristics in the neighborhood, and measures of perceived price,
quality score, and admissions chances at a set of schools partially overlapping
with those asked about at baseline.

¢ Endline Survey: This online survey was sent to the universe of parents who
submitted an application through the SAE system in 2021 and was part of a

broader research study. We collected information on the application process

15We used a three-point scale: a parent could report not knowing a school, knowing it by name, or
knowing it well.

16The survey elicited the perceived number of schools in 16 distinct price-quality categories within
two kilometers of their home. Respondents were informed about the national quality distribution of
schools to ensure a common understanding of the quality definition.
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and knowledge of schools in the neighborhood. It also elicits perceptions of
schools” price, quality, and admissions chances, and important factors in the
search process.
53% of sample parents completed the midline survey and 15% completed the
endline survey. Completion rates are not statistically different across treatment
arms (Table A.VII).

4. DESCRIPTIVE ANALYSIS

We combine our administrative and survey data to document a set of empirical

patterns that are consistent with the ideas described in section 2.

4.1. Knowledge, Perceptions, and Beliefs

Limited knowledge of schools: We first show that parents have limited knowledge
about the schools that are available in their neighborhood. We asked each respon-
dent in the baseline survey to report how well they knew eight randomly selected
schools that were located within 2km of the respondent’s home. To measure the va-
lidity of the question, we further asked about two “fake” schools that did not exist.
Additionally, we asked in the midline survey about the knowledge of schools on
the application list. Figure 3a shows the responses to the different school types.
When asked about a random school at baseline, 19% of parents say they know the
school well and 35% of parents say they know the school by name. Consistent with
the idea that applicants learn about schools before applying to them, respondents
know schools on their applications better than they know the random schools in
their neighborhood. Knowledge rates are also declining with the position of the
school in the application. While 77% of families know their first preference well,
only 59% of families know their second preference well. Reassuringly, we find that
more than 91% of respondents say that they do not know the fake schools.

Figure 3b displays the probability of knowing a school as a function of the dis-
tance from the respondent’s home to the school. The dark blue line shows this
relationship for high quality schools and the light blue line shows the relationship

for low quality schools. We document two patterns. First, knowledge decreases
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FIGURE 3.—Knowledge of Schools. Notes: Panel (A) plots the stated knowledge levels for five school
categories: a random school within 2 km of the respondent’s home, the top three schools the respondent
ranked in the application, and a fake school. Responses to the random school and the fake school are
based on the baseline survey and responses to the schools in the application list are based on the midline
survey. Panel (B) uses baseline survey information to plot the share of parents who know a school at
least by name by the distance of the school to the respondent’s home (in km), separately for schools
with high quality (dark blue) and insufficient quality (light blue). In both panels, we restrict the sample
to the control group (N=1,318).

sharply with distance. Second, at every distance bin, high quality schools are con-

siderably more likely to be known than low quality schools.

Incorrect beliefs about the distribution of unknown schools: Figure 4 documents that
households further hold inaccurate beliefs about the distribution of school quality
and price in their neighborhood. We elicited parents’ beliefs about the number of
schools within 2km of their homes and then asked them to allocate these schools
across four quality bins and four price bins according to their beliefs. We find that
the average parents underestimate the number of highlight-worthy schools in their
neighborhood by five schools. Parents tend to overoptimistic about the distribution

of school quality but underestimate the share of schools that are free (55% vs. 86%).

Misperceptions about the characteristics of known schools: Households inaccurately
perceive the characteristics of schools that they say they know. Figure 5 plots the
distribution of perception errors regarding the quality and price of three school
types: a random school the respondent knows, a random school the respondent

intended to list in the application, and the school the respondent intended to list
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FIGURE 4.—Beliefs about the Distribution of School Attributes. Notes: The first figure shows the bias
in the beliefs of the number of highlight-worthy schools within 2km of the parent’s home. The second
figure shows the perceived (left) and actual (right) share of schools in each of the four school quality
categories. The third figure shows the perceived (left) and actual (right) share of schools in each of the
four school price categories. Data on beliefs come from the baseline survey (N =3,948).
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FIGURE 5.—Errors in Baseline Survey. Notes: Panel (A) shows the bias for perceived quality and
price of a random school that the respondent knows in the baseline survey (N = 2,066). Panel (B) shows
the bias for perceived quality and price of a random school in the baseline application list, excluding
the first ranked school (N = 1,534). Panel (C) shows the bias on perceived quality and price of the
first preference school at baseline (N= 2,523). All biases are measured as perceived quality minus real
quality. Positive values indicate that the parent overestimates the quality of the school and negative
values indicate that the parents underestimate the quality of the school. Quality is measured in four
categories based on the classification of the Education Quality Agency. Survey answers on perceived
school quality come from the baseline survey. Red dashed lines indicate the mean bias. The solid grey
lines indicate the point of zero bias.

tirst in the application. We find that perception errors regarding quality are cen-

tered around zero for random schools, but that parents tend to overestimate the
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quality of schools to which they intend to apply, suggesting that these errors mat-
ter for application decisions. We further document that households also tend to
overestimate the price they must pay for known schools. How these errors im-

pact search decisions depends on the relative strength of preferences for price and

quality.
TABLE 1
EFFECTS OF PERCEIVED VS REAL CHARACTERISTICS ON RANKING
Only Endline Combining All
Survey Responses Survey Responses
@
Distance -0.024* (0.014) 0026+ (0.008)
Free 0.311* (0.182) 0.204%* (0.090)
Perceived Price Category o\ 100 cLp 0,016 (0.205) 0.005 (0.111)
100k+ CLP 0.283 (0.513) 0.097 (0.239)
Free 0.094 (0.214) -0.111 (0.110)
True Pri
rue Price Category 50k-100k CLP 0.226 (0.228) 0.080 (0.121)
100k+ CLP -0.375 (0.448) -0.201 (0.223)
Low -1.300 (1.133) -0.810 (0.572)
Perceived Quali
erceived Quality Medium 0.699*+* (0.234) 05844+ (0.136)
High 1.762%+ (0.261) 14574+ (0.149)
Low -0.047 (0.429) 0.053 (0.234)
T li
rue Quality Medium 0.144 (0.163) 0.176* (0.098)
High -0.068 (0.200) 0.356*** (0.113)
Observations 1104 4168

Note: This table shows the results of a rank-ordered logit choice model using perceived and actual school charac-
teristics. The outcome is based on the submitted ranking in the SAE regular round. In Column 1, perceived price and
quality come from responses in the endline survey. In Column 2, we extend the sample by also using information on
perceived price and quality from the baseline and midline survey whenever the information is missing in the endline
survey. Medium-low quality and 1-50k CLP are the omitted categories.

To show that these survey measures are capturing the perceptions that are rel-
evant for households’ decisions, we present results of a rank-ordered logit choice
model with actual and perceived school attributes in Table I. The dependent vari-
able is a school’s rank in the application. Restricting the analysis to information
from the endline survey (Column 1), we find that perceived price and quality are

predictive of a school’s rank, and that conditional on elicited perceptions the true
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price and quality are irrelevant. In Column 2, we repeat this exercise but increase
our sample size by pooling responses from all survey rounds. True quality be-
comes predictive of a school’s rank, but the coefficients are substantially larger for
the perception measures.!”

We also observe that households mispredict admission chances. We asked par-
ents to report the probability of admission to their first preference school at base-
line and compare respondents’ reported beliefs to our calculations of objective
placement chances. Figure A.1 shows that beliefs about admissions chances depart
from objective chances in two ways: beliefs are biased upwards on average and
exhibit compression, with households underestimating the share of schools with
chances below 40% as well as the share of schools at which admission is nearly

certain.!8

4.2.  Search Behavior

We next use data from the school explorer platform to provide descriptive ev-
idence on search patterns.!” Explorer usage is correlated with perceived returns
to search. Table A.I shows that, conditional on the truth, the perceived number of
high-quality and low-price schools is positively correlated with search effort, mea-
sured by the number of school pins clicked.?’ Table A Il shows that the decision to
stop searching depends on history, consistent with sequential search.

We further find that platform behavior affects school knowledge in the midline
survey. Table A.IIl shows that, controlling for baseline knowledge, clicking on a
school in the explorer increases the likelihood that the parent knows the school

well in the midline survey. These effects are especially pronounced for schools for

7True quality may correlate with rankings because of measurement error on survey beliefs and/or
learning between survey rounds. Households’ perceptions at the time that applications are due are
more accurate than at baseline.

18This figure shows baseline perceived beliefs. We elicited perceived admissions chances again in the
midline survey for a larger set of schools including this school, other known schools, and a random
school. In the endline survey we elicited perceived admissions chances for the top three schools on
the rank-order list as well.

YMost on-platform search occurs immediately after receiving access to the explorer (see Figure S.3).

20Moreover, parents who report a higher probability of searching for more information on schools at
baseline are more likely to search for schools in the explorer (blue line in Figure A.2).
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which the parents double clicked and opened the full profile, allowing them to
view additional details about the school.

Consistent with an increase in knowledge, clicking on a school in the explorer
also decreases the likelihood that the parent has misperceptions of school at-
tributes. Table A.IV shows that, conditional on baseline perceptions and the true
school attribute, clicking on a school in the explorer is associated with an increased
likelihood that the respondent is correct about a school’s quality and admission
chances. These effects are again larger when the parent also opened the full profile
of the school.?!

Finally, Table A.V shows that platform behavior further affects beliefs about the
distribution of schools’ characteristics. To test this, we regress midline beliefs on
the type of schools control group respondents clicked in the explorer. Column 1
indicates that, conditional on baseline beliefs and the actual number of schools
within 2km of the household, clicking on more schools in the explorer is associ-
ated with an increase in the perceived number of schools in the midline survey.
Similarly, we find that clicking on more highlight-worthy schools in the explorer
is also associated with an increase in the perceived number of highlight-worthy

schools in the midline survey (Column 2).

4.3.  Heterogeneity by SES Status
Following the previous literature, we also analyze results separately for high and
low SES households, measured by whether the mother completed college.?? As
shown in Table A.VI, high SES households submit longer applications and enroll in
higher quality schools. Low SES households are more likely to be eligible for school
vouchers and thus have access to cheaper schools. In the supplementary material,
we show how knowledge, perceptions, and beliefs vary by SES status. We find

little variation in school knowledge levels. However, high SES parents tend to have

21 The coefficient for price is positive but insignificant. We also find similar associations for school qual-
ity when we use the absolute value of the difference between the perceived and actual value instead
of a dummy for whether the respondent is correct.

22Existing work has studied the role of school availability, preferences, and beliefs to explain differences
in schooling decisions by SES status (Burgess et al., 2015, Dizon-Ross, 2019, Attanasio et al., 2022). Pre-
vious research also documented how parental education affects child educational attainment (Black
et al., 2005, Oreopoulos, 2006, Akresh et al., 2023).
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more accurate beliefs about the distribution of schools in their neighborhood. For
high SES parents, we also find lower mean errors in perceived school quality and
prices for the first preference school and other schools in the application list. Low

SES parents tend to have slightly more accurate beliefs about placement chances.

5. EXPERIMENTAL ANALYSIS

We embedded two treatment arms in the school explorer platform to generate
exogenous variation in beliefs about the aggregate distribution of school attributes,
and in the ease of finding low-price high-quality schools, early in the process. We
also implemented another intervention, close to the application deadline, in which
we mainly provided additional information about schools that parents knew. We

describe each intervention in turn and then present the treatment effects.

5.1. Intervention Design

Search Aid Intervention: The search aid intervention was embedded in the school ex-
plorer platform, taking place several months before the final application deadline.
It had two treatment arms and a control group. The first treatment provided in-
formation about the availability of schools and their price and quality distribution
within 2km of a respondent’s home.? The second treatment provided the same in-
formation but additionally showed where highlight-worthy schools are located on
the map (Figure S.5). The control group also received access to the school explorer
platform but did not receive any information about the distribution of schools or
their characteristics.

The information was displayed when parents entered the explorer platform. Af-
ter that, parents could navigate the map and click on each school to obtain addi-
tional information. For the control group and treatment 1 group, all schools were
shown in the same color. In contrast, parents in treatment group 2 could directly
observe the highlight-worthy schools on the map because these schools were high-
lighted in green, with an icon indicating their price and quality. In terms of our
framework, the goal of the first treatment arm is to provide more accurate beliefs

about the distribution of payoffs of unknown schools by providing accurate price

Z3Figure S.4-S.7 in the supplementary material show an example with screenshots of the platform.
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and quality information. The second arm additionally changes the search technol-

ogy, making desirable schools more likely to be found with fewer clicks.

Feedback Intervention: A second information intervention was implemented nation-
wide as part of a larger experiment. After applications were submitted, roughly a
week before the final deadline, a random set of parents received a message that al-
lowed them to receive tailored feedback on their applications (Figure S.8). Parents
who opened the feedback intervention first received information on the schools
that are currently included in their application (Panel A). If there was a high chance
that the child would not receive any school based on the current application, a
warning message was also shown to inform the parent that the application was
risky (Panel B). The treatment further presented a full list of alternative schools
within 2km of the respondent’s home, sorted by quality, that were not yet included

in the application.?*

5.2.  Impact of Search Aid Interventions
We use the randomization of the search aid interventions to study how search
behavior and application outcomes change when households are provided with
information about the distribution of schools in their neighborhood. Table A.VIII

shows that the samples are well-balanced. For parent i, we estimate:
Yi=a+ B1T1; + B2T2; + 0; + X; + €. (1)

Y; is the outcome variable, 0; are stratification dummies, and X; are baseline con-
trols selected via a double LASSO approach from Table A.VIII covariates.>> We
show results for the pooled sample and separately for high and low SES house-
holds, proxied by whether the mother completed college.

Our first result is that the search aid interventions affects beliefs in the midline
survey. Both treatment arms increase the perceived number of total and highlight-
worthy schools in their neighborhood (Table II, Panel A, Columns 1-2). Relative

to their control group counterparts, households in treatment group 1 believe that

24Gee the supplementary material for an example and additional information.

25The double LASSO approach selects covariates that either predict the outcome variable or treatment
assignments (Belloni et al., 2014).
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TABLE II
TREATMENT EFFECTS OF SEARCH INTERVENTION
Number of
Perceived Number of Schools Number of Pin Clicks Schools Enrolled School
Known
Highlight- Highlight- AtLeastby  Highlight- Value .
All worthy All worthy Name worthy Added Distance
(1) 2 (©) (4) [©) (6) (7) 8)

Panel A: Pooled
Treatment 1 0.801*** 0.443** 0.616 0.227 0.167 -0.005 0.001 -0.183

(0.291) (0.118) (0.514) (0.216) (0.202) (0.021) (0.019) (0.253)
Treatment 2 0.750** 0.362*** -0.267 0.279 0.040 0.019 -0.013 -0.521**

(0.293) (0.121) (0.474) (0.209) (0.190) (0.020) (0.019) (0.229)
Control Group Mean 6.242 1.907 8.008 3.437 3.710 0.675 0.176 2.322
Observations 1671 1633 3111 3111 1076 2385 2319 2632
Panel B: Heterogeneity by Parental Education
Treatment 1 x High SES 1.837%** 0.544* 3.367*** 1.216** 1.275%* 0.020 0.081** 0.387

(0.650) (0.252) (1.241) (0.504) (0.449) (0.045) (0.039) (0.532)
Treatment 1 x Low SES 0.483 0.414*** -0.344 -0.119 -0.145 -0.012 -0.028 -0.374

(0.324) (0.135) (0.550) (0.235) (0.226) (0.023) (0.022) (0.285)
Treatment 2 x High SES 1.671* 0.573** 0.394 0.549 1.033** 0.106™* 0.022 -0.244

(0.671) (0.282) (1.171) (0.492) (0.401) (0.044) (0.041) (0.485)
Treatment 2 x Low SES 0.525 0.307** -0.458 0.195 -0.230 -0.009 -0.024 -0.613**

(0.326) (0.134) (0.511) (0.230) (0.216) (0.022) (0.021) (0.263)
p-value: Treat 1 x High SES 0.063 0.649 0.006 0.016 0.005 0.528 0.015 0.206

= Treat 1 x Low SES
p-value: Treat 2 x High SES 0.125 0.396 0.506 0.516 0.006 0.020 0.331 0.507
= Treat 2 x Low SES

Control Group Mean (High SES) 6.110 1.783 9.897 4.058 3.386 0.548 0.197 2.231
Control Group Mean (Low SES) 6.278 1.941 7.441 3.253 3.815 0.717 0.170 2.355
Observations 1 (High SES) 362 357 732 732 246 571 549 614
Observations 2 (Low SES) 1308 1275 2376 2376 829 1812 1768 2016

Note: This table presents the results of the search interventions on beliefs (Columns 1-2), search (Columns 3-4),
knowledge (Column 5), and final school enrollment (Columns 6-8). In Panel A, we regress each outcome on indicator
variables for both treatment arms, stratification dummies and baseline controls selected by LASSO. In Panel B, we
further include the fully interacted effects of treatments and SES status. SES status is proxied by whether the mother
completed college. Continuous outcomes are top-coded at the 99th percentile. The sample is restricted to parents who
opened the school explorer platform.

there are 23% more highlight-worthy schools in their neighborhood. Panel B shows
results by SES status. High SES households update their beliefs about the number
of total and highlight-worthy schools in their neighborhood, but low SES house-
holds only update their beliefs about the number of highlight-worthy schools.

The updated beliefs affect the search behavior of parents (Columns 3-4). While
we find limited effects for the pooled sample, we observe substantial increases in
the number of school pin clicks among high SES households in the first treatment
group. Consistent with increased search, we also observe knowledge gains in the
midline survey (Column 5). High SES households in treatment group 1 report that
they know 38% more schools at least by name. By contrast, we find null to negative
effects for low SES households.
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We next examine the effects of the search aid interventions on school enrollment
(Columns 6-8). We again find limited effects on the pooled sample (Panel A), with
the exception that treatment 2 households tend to enroll in closer schools. How-
ever, among high SES households, we find that the first treatment arm leads to a
significant increase in the average value added of the enrolled school. Higher SES
households in the second treatment arm are also 19% more likely to enroll in a
highlight-worthy school.2®

We also assess whether treatment effects on search vary by the perceived returns
to search, measured as the reported likelihood of searching for more information
on schools at baseline.?” Figure A.2 plots the relationship with search effort and
baseline beliefs separately for parents in the control group (blue) and treatment
group 1 (red). As reported in section 4.2, we find that our baseline measure of the
perceived returns to search has a strong positive correlation with observed search
effort in the control group. We further find that the treatment effects are concen-
trated among parents who said that they were unlikely to search for additional
information on schools. This is consistent with the idea that these parents under-
estimated the returns to search and that the treatment intervention corrected their
beliefs. Table A.XI shows the effects in a regression specification, using a binary
measure of the baseline variable. We find that treatment 1 increases the number of
school pin clicks by 29% for parents who were unlikely to search for schools. By
contrast, we find no effects for parents who already planned to search for more
information on schools (Column 3). Treatment effects on enrollment outcomes are
noisy but we find that treatment group 2 children whose parents were unlikely to

search enroll in schools closer to their homes (Column 8).

26Table A.X shows treatment effects on additional application outcomes. We find that the second treat-
ment arm increases the likelihood that the second-ranked school is highlight-worthy by 5 percentage
points and decreases the likelihood that the parent already knew the school well at baseline. We also
find some evidence that the second treatment arm increases the share of parent who submitted an
application through the SAE platform. Treatment 2 also increases the likelihood that the child enrolls
in the school to which the child was assigned, suggesting that treatment group 2 parents had better
information at the point of the application.

27We asked respondents to separately report the likelihood of searching for more information on known
and unknown schools at baseline. We take the maximum of both variables in this exercise.
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5.3.  Impact of Feedback Treatment
We next examine the impact of the feedback intervention. Table A.IX shows that

the samples are also well-balanced for this intervention. For parent i, we estimate:
Yi=a+ BF + A +7X; + &

Y; is the outcome variable, 6; are stratification dummies, F; is an indicator variable
for whether the parent opened the feedback intervention and X; are baseline co-
variates that control for the risk of the submitted application. We use the treatment
assignment to instrument for using the feedback intervention. Standard errors are
clustered at the market cluster level.

Column 1 in Table III shows how the first-stage results. 58% of parents who were
assigned to the treatment group opened the feedback intervention (Panel A). These
rates are similar for high and low SES households (Panel B). We next examine
the effect on school-level knowledge using information from the endline survey.
We find that the feedback intervention increases the likelihood that a parent has a
correct perception about the price category of a school in their application by 17.2
percentage points (Column 2). We find similar effects for perceptions of school
quality (Column 3). The treatment effects on the perceived knowledge of prices
are driven by low SES parents who are more likely to have misperceptions than
high SES parents. Columns 4-7 further show that the feedback intervention affects
application behavior. We find that parents who received the feedback information
are 9.7 percentage points more likely to change their application (Column 4). They
are more likely to add any school and more likely to add a highlight-worthy school,
showing that the information helped to increase search. We also find that treatment
group parents are more likely to delete schools, suggesting that parents previously
had incorrect perceptions of the attributes of some schools in their application.
Consistent with the treatment effects on perceptions, we find that the effects on

application behavior are concentrated among low SES households.?®

2Table A.XII shows treatment effects on assignment and enrollment outcomes. We find some evidence
that the feedback intervention increases the share of parents that are assigned to a school they added
to the application after the initial deadline. We observe no effect on final enrollment outcomes, with
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TABLE III
TREATMENT EFFECTS OF FEEDBACK INTERVENTION

First Stage Perceptions Application
Changed Added
Open Correct  Correct A hgc - Added Highlight- Delete
Feedback  Price Quality pp School ~ worthy  School
tion
School
M (0] @) 4) ®) (6) @)
Panel A: Pooled
Feedback Treatment 0.578**
(0.018)
Open Feedback 0.172* 0.227** 0.097** 0.061** 0.052** 0.020*
(0.092) (0.081) (0.020) (0.018) (0.015) (0.012)
F-Stat 1000.016
Control Group Mean 0.000 0.362 0.553 0.028 0.026 0.018 0.009
Observations 2116 765 753 2116 2116 2116 2116
Panel B: Heterogeneity by SES Status
Feedback Treatment x High SES 0.614**
(0.034)
Feedback Treatment x Low SES 0.568"*
(0.023)
Open Feedback x High SES -0.109 0.253* 0.021 0.017 0.026 -0.001
(0.150) (0.119) (0.033) (0.030) (0.018) (0.016)
Open Feedback x Low SES 0.300* 0.199* 0.122** 0.076** 0.062** 0.027*
(0.116) (0.105) (0.025) (0.022) (0.018) (0.015)
p-value: Open Feedback x High SES 0.290 0.034 0.731 0.017 0.124 0.133 0.186
= Open Feedback x Low SES
F-Stat (High SES) 322.606
F-Stat (Low SES) 616.414
Control Group Mean (High SES) 0.000 0.441 0.667 0.037 0.029 0.008 0.008
Control Group Mean (Low SES) 0.000 0.343 0.528 0.026 0.025 0.021 0.009
Observations 1 (High SES) 460 165 160 460 460 460 460
Observations 2 (Low SES) 1656 600 593 1656 1656 1656 1656

Note: This table presents the results of the feedback intervention. In Column 1 in Panel A, we regress the outcome
on an indicator variable for whether the parent was assigned to the feedback treatment group. In Columns 2-7 in Panel
A, we regress each outcome on an indicator variable for whether the respondent opened the feedback information
instrumented by whether the parent was assigned to the feedback treatment group. In Panel B, we further include the
fully interacted effects of the treatment and SES status. All regressions control for market fixed effects and application
risk groups. SES status is proxied by whether the mother completed college.

Taken together, we find that the search aid and feedback interventions affected
search and application outcomes, but that the direction of the heterogeneity results
differs. While the search aid interventions benefitted high SES households, low SES
households benefitted from the feedback intervention. A potential explanation is
that low SES households are more likely to have misperceptions about the schools

to which they apply, as discussed above. A second explanation is that the timing of

the exception of a negative treatment effect on the value added of the enrolled school for high SES
parents (but the estimate is only marginally significant).



the interventions matters. Low SES households may form applications later, and
might thus only react to information when it is provided close to the application
deadline, when the relevant decision is being made. The importance of timing has
also been shown in several other settings (Richburg-Hayes et al., 2017). A third
explanation is that the information being provided by the feedback intervention

was easier to act on.

6. MODEL

We now present a model of households’ preferences, beliefs, search efforts, and
application decisions that is consistent with our setting and descriptive evidence.

Let I denote the set of households, and | the set of schools. Household i’s max-
imal choice set, J; C |, consists of all schools within five kilometers of i’s house
that offer a seat in i’s grade level and for which i is eligible.”” Time is discrete:

t=0,1,...,T. At time t =0, our study begins. Applications are due at time T.

6.1. Information, Preferences, Perceptions, and Application Portfolios
Let u;; be the “objective” expected payoff from that student i would receive from
being placed in school j given all the information that could in principle be known

at time T'. This payoff is given by:
ujj = Z,']"BZ + X:]Cﬁf + (5]‘ + Xjj7y + €ij. (2)

It depends on distance in kilometers (z;;), observed price and quality category
Xij € {1,2, 3,4}2, school effects S, and idiosyncratic match value €ij- The vector xf]C
consists of price, quality category, distance, and a constant. We place normal ran-
dom coefficients on these terms, with zero mean and arbitrary correlation matrix
e

A challenge to tractability is that households may be misinformed about many
objects. We address this challenge by modeling i’s limited awareness of school j

and misperceptions of its characteristics via a single index 77;;;, generalizing mod-

2 Choice sets are larger than the 2km-radius neighborhoods used to present distributional information
in our “search” interventions. Ineligibility for seats in the relevant grade level is rare. Empirically,
single-sex schools are the main source of ineligibility (4.39% of total seats offered in 2021).
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els of consideration sets (Goeree, 2008) to accommodate additional information
frictions.

In particular, households have a family of potential subjective expectations of
u;j, indexed by the available amount of information. Let 77;;; € {0,1,2} indicate
whether household i has zero information, low information, or high information
about school j at time ¢, respectively.’’ At time t, student i’s subjective expected

utility from a placement in j is given by #;; = i, i

. The value of receiving no place-
ment is normalized to zero. If i submits an apphcatlon at time t, she will rank all
schools j € J; with #;;; > 0 truthfully, in descending order of #;;;.

If 7t;; = 0, then i does not know j well enough to apply to it.> We make the

following parametric assumptions:

0 =z + 2B+ 0+ £y + ey 3)
0l =z + 217BY + 6+ 24y + 8] @)
l(]) ~T(]x)), AEJ.Z) = (xj w.p. p"', otherwise 321(].1)) )
T = zije” + wija® + w’ctzxrc +1j + vijt (6)
i = 1(mj5, > 0) +1(7‘(Z]t >1). (7)

Subjective expected utilities 7 i]] from “known” schools—those with 7;;; > 0—
differ from the true payoffs in two ways. First, households may hold inaccurate
perceptions of observables x. Second, in the case of low information, households

may misperceive econometrician-unobserved match quality e.

l

In particular, the variables %;; "€ {1,2,3,4}? denote i’s perceptions at time t of

the prices and quality scores of schools that they know at least by name. “Low-

information” perceptions %!

are drawn from a multinomial distribution, T'(-|x;),
which depends arbitrarily on the true value x;. When the household gains further

information, it learns the truth with probability p”. Otherwise, it does not update

30There is nothing essential about three levels of knowledge. This restriction is motivated by our survey
measures of knowledge of schools.

31To avoid notational special cases, we take 7 A( ) < 0forall i ,]-
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about x. Random-coefficient terms Jﬁg.’rc differ from xZ.C as well in that the true price
and quality are replaced with the perceived values 9217; .

“Match value” shocks ¢;; are normally distributed, iid across people and schools.
The relevant shock is observed when 7;;; = 2. In the “low-information” event
mijt = 1, the household observes a noisy measurement of this shock, &;;, and forms

a subjective expectation ?211.]. = E(¢;]€;;) given this signal. We assume

E(eijl;)) N u! se
81']' 0 ’ .

This is a reduced form of a model of Bayesian updating with a possibly misspec-
ified prior mean, prior variance, and signal precision, which we present in the
following section. It allows parents to deviate from Bayesian updating by being
pessimistic or optimistic when 77;;; = 1, and being systematically surprised as they
learn more.
As a scale normalization, we fix the mean coefficient 8% on distance to —1.
Levels of knowledge 7j; increase as a latent index of information 7'(;“# crosses
thresholds. In this sense our model extends “consideration set” approaches (Go-
eree, 2008) to allow for additional information acquisition about “known” schools.
it
The terms w;j; are potentially time-varying “knowledge shifters” that are ex-

Setting the thresholds at 0 and 1 normalizes the scale and location of 7

cluded from preferences. In practice, w;j; consists of three types of terms: (1) indi-
cators for having received information treatments in current or prior periods; (2)
indicators for having searched school j in the explorer model in current or prior
periods; and (3) time indicators 1(¢ > s) for a set of periods s. The first set of terms
captures variation induced by our experiments. The second set captures the effects
of endogenous on-platform search effort. Time indicators proxy for the arrival of
information over time outside of our explorer and interventions. We take this “off-
platform” process as exogenous.

We place random coefficients on the time indicators in information: w?]"t ~
N(0,X7). The unrestricted covariance matrix allows variation in the timing of

off-platform search. For instance, households may engage in “off-platform” search



30

at a single, unpredictable time, leading to negative correlation between gains in
knowledge across periods. The remaining terms are a school-level “discoverabil-
ity” 17; and a shock v;j;. The shocks are independent across schools and households,
but may be correlated over time: v;;; ~ N(0,X").

We model schools” mean utility and discoverability as correlated random effects:
(5, 1;) ~N ((x]-B, ij)I,Z‘W) . This specification allows for selection in the set of
known schools, as better schools may be systematically easier to find. If so, the next
school to be discovered may in fact offer a lower payoff, in expectation, than the
average “known” school.

Our specification is also flexible about the role of prices and quality ratings. Par-
ents may value quality ratings per se and/or as a summary of underlying charac-
teristics that they do not directly observe. They may also value characteristics that
they observe but we do not which are merely correlated with quality ratings. By
placing coefficients B on true price and quality, and -y on perceptions, we allow for

both channels.32

6.2. Timing, States, Beliefs, Search

Our assumptions so far specify the applications that parents submit given their
information and the distribution of that information in our data. These objects suf-
tice for counterfactuals in which information is (re-)assigned exogenously. To pre-
dict search decisions under counterfactuals, however, further structure is needed.
We begin with an overview of timing, states, and the search technologies available
to parents. We then present the belief and perception objects needed to specify the
subjective returns to search.
Timing: In practice, we allow four periods, t = {0,1,2,3}. At time t = 0, our base-
line survey takes place. At time t = 1, households are assigned to search treatments
and have the opportunity to engage in on-platform search via our software. Within
this period, households first receive treatments, causing their state to update. They
then engage in endogenous search, potentially leading to further updates in 7

and other beliefs. When they choose to stop, the period ends. Consistent with de-

32The counterfactuals in this paper hold & and 7 fixed. We are agnostic about the extent to which x
“causes” J or 7.
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scriptive evidence that almost all explorer use takes place at this time, on-platform
search takes place only in this period. At time t = 2 (“just before feedback”) house-
hold may submit initial applications to the official platform. They may also take
the midline survey in this period.>® At the beginning of period t = T = 3, “treated”
households receive the feedback treatment. After this, final applications are sub-

mitted. Finally, the endline survey takes place.

States: An agent’s state at the beginning of period t is given by
A1 A2 A .
O = ({855, i, Pij, 350, wie < € Ji}, 05, wir),

where 7;; are subjective perceptions of admissions chances, 6; are fixed parameters
relevant for preferences—in practice, the agent’s random coefficients—and w;; are
the remaining parameters and latent objects determining the agent’s beliefs. We
discuss 7 and the components of w in detail in the next subsection.

At time t = 0, agents are endowed with potential utilities and perceptions

(ﬁl,ﬁz, 921,3?2,?), as well as an initial level of information ”?jo for each j € J;, and
beliefs wjg relevant for the search decision. Agents observe 7;; and ﬁi]-(nijo) for each
j € Ji with Ttijo > 0.
Search is sequential: Search decisions consist of a sequence of decisions to sample an
additional school j € J;. The school explorer allows “pin clicks” as well as more-
costly additional search actions. To exploit the observable variation in search in-
tensity in the data, we model both decisions, closely following the structure of the
explorer platform. A household may pay a cost to conduct a “pin click” on some
j, which provides some information about it. Conditional on this information, the
household may then pay an additional cost to conduct a “detail view” on this
school. After this action, whether the household conducts a “detail view” or not,
the household chooses whether to continue or stop searching.

Let s denote the number of searches the household has conducted so far. As

a convention, we divide period 1 into sub-periods, with The sth search decision

3The relative timing of the midline survey and feedback treatment varied across households. For
households who were given the midline survey before they received—or would have received—the
feedback treatment, the midline survey takes place at ¢ = 2; otherwise it takes place at t = 3.
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taking place at time t = 2 — 1/5.3* Once the household stops searching, we move
to t = 2. the information shifters at any time t, w;j;, contain an indicator for i having
conducted a “pin click” at j in ¢ or previous times, and an analogous indicator for
having conducted a “detail view”. As w;; updates, so does 77;; and hence possibly
Ttij.

Search technology: If the household samples a school, we take the decision of which
school as exogenous from the parents’ point of view. However, we allow the prob-
ability of finding certain schools to vary with our interventions. In particular, the
“highlighting” of high-quality inexpensive schools in search treatment 2 makes
those schools more likely to be found. If a household chooses to conduct a pin

click, the next clicked school is j € J; with probability

Prjj = Pr(view j|continue) = exp(x%th'yCth) /Y. exp(x%th’yCth). (8)
J€li

The variables xik consist of schools” price, quality, distance, and indicators for

i
treatment 2 and] being highlight-worthy in that treatment. Thus certain schools
(nearby schools; high-quality schools) may be found more easily. Households may
revisit already-clicked schools. However, by assumption only the first “pin click”
and “profile click”, if any, enter 71;j;.

Admissions Chances: Subjective admissions chances are given by

?Z.ijt =min{1, max{0,0i + 0;1(rij — 0i0) } }, 7ijr €0,1,2, 9)

where (09,0i1) ~ N(Ho,Z,). This specification allows for optimism or pessimism
(via the random intercept 0;y) as well as compression (via 0;1) which we find in
survey data. Following the descriptive evidence, we also assume that admissions
beliefs do not become more accurate with higher 77;;; or greater search activity,

unlike perceptions of price and quality.

34 All that matters is the order of timings; cardinal values are not meaningful.
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The outside option, not receiving a placement, has 7y = r;jp = 0. The subjective

expected payoff from the optimal portfolio at time ¢ is given by

. M [j—1

U(Qy) =) ( ?i]-t> (1 — Pije) i, (10)
i=1 \k=1

where M;; = |j € Ji; : il > 0] is the number of acceptable schools, and WLOG ele-

ments of J;; are sorted in descending order of i;j;.

Beliefs about unknown schools” observables: Beliefs about the price and quality of un-
known (77;;; < 0) schools at time t are given by a Dirichlet-Multinomial distribu-
tion. At time ¢, for j € J; with 71;;; = 0, household i believes x ~ Multinomial(A;),
with Aj; ~ Dir(Aj). The Dirichlet parameters A;; in turn are functions of the truth,
treatment status, and the number of “known” (7t;; > 0) schools with (perceived)
chars %;j;. We allow heterogeneity in A;; via a finite mixture over latent types ¢ € G
as well.®®

Enumerating all price and quality cells x1,...,xk, The kth element of A;; in the
event i is of type g is given by:

Aigtk = Ngok + buigr * [{j € Ji : xij = X }| + bojgr * [{j € Ji : 75 > 0 and f;;iﬁ = X}l
(11)
The terms by;¢; and byjq; vary with i’s search treatment, provided that i has received
the treatment by time #.5® This specification allows information about the distribu-
tion of nearby schools’ characteristics (treatment 1) and information about specific
schools (treatment 2) to affect beliefs.

Our specification nests Bayesian updating. In the limit as J; becomes large, this
occurs when by;; = 1 and perceptions £ are equal to x. It also accommodates
full information about the remaining schools, which occurs when by;¢; — 00 and
baigt = —brigt- By including multiple types, we allow heterogeneous partial updat-

%1n practice, for each SES group, we have three latent belief types.

%We have byjg = ElgO + Elgll(treatmenti =it >1) + +l~71g21(treatmenti = 2)1(t > 1), where
treatment; denotes i’s search treatment assignment.
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ing in response to our information treatments. For instance, type ¢ = 1 may be

more responsive to our interventions than g = 2.

Beliefs about match quality: If 7t;;; = 1, household i observes ¢;; with classical mea-

surement error e;; ~ N(0,52), and forms a subjective expectation E(g;;|¢;;). Objec-
j ) p jl€ij )

€ij + €jj N 0 0’32—1-0'32 0}_2
N , ) 5 |- (12)
€ij 0 Ue Ue

However, households believe that

<€if+eif>~N<P:l>,<~€2~+2~g:§). (13)
€ij H € 3

The parameter ji represents the subjective mean unobserved match-value shock

tively,

at unknown schools. If ji <0, households are systematically pessimistic about their
payoffs at unknown (77, = 0) schools and at schools they do not know well (nijt =
1). Households may also hold inaccurate beliefs about the prior variance or the
informativeness of the signal.

A Bayesian with the correct prior will shrink noisy signals toward their mean.
If the mean is low relative to the (positively selected) values of the schools the
household likes and knows well, this will tend to push schools that are not known
well away from the top of rank-order lists and reduce their dispersion conditional
on observables. Relative to this benchmark, our specification allows households
to further penalize (or under-penalize) schools that are not known well, and to
mispredict the mean and variance when considering the returns to search.

The primitives relate to the reduced form described in the previous subsection as
follows. Let g = 62/ (6% + 52) denote the subjective informativeness of the signal
received when 77;; = 1. We have p = X{,/%5 , and ji = u'/(1—p). See the Online
Appendix for details.

Search Decisions: We model the sequence of pin clicks via a “one-period lookahead”
heuristic. Households form beliefs over the distribution of payoffs, as specified in

Equation 10, that they would obtain with one additional pin click and the opti-
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mal exercise of the option to conduct a detail view at the clicked school. As in the
benchmark, they continue if and only if the expected value of this object outweighs

the cost of an additional pin click.

Search costs: To conduct its sth pin click, a household must pay a cost
pin _ ¢ cost | =pin _ _pin _pin
ils = X7 TG O e,

where ¢; ~ N (0,02). If instead it stops, it pays cg)i? = —Upins?oi?. The shocks slfli?
and 811011? are independently standard Gumbel (T1EV) distributed. If the household
conducts a “detail view” following this click, it pays cetail = gdetail _ ydetailgdetail
otherwise it pays —Udetailsfoestaﬂ, where the shocks are again drawn from indepen-
dent Gumbel distributions.

The one-period-lookahead gain from conducting a pin click and detail view at

school j is given by
V.}t = E(H(Qiﬂ”git, n—;k]'i” = n;kjt + lxpin + adetail) i C[<Qit), (14)

detail 4re the elements of the

where t' is the subsequent period, and aP™ and «
information-shifter coefficients a” corresponding to pin clicks and detail views, re-
spectively.?” The subjective expectation is over the change in U(-) due to a possible
increase in knowledge 77y > ni]-t.38 We provide details in the Online Appendix.
The one-period-lookahead gain from conducting a pin click only at school j is
identical to Equation (14) except that a9¢®l does not occur in it. The gain from
conducting a detail view, having already conducted a pin click, is analogous as

well. The value of a pin click, integrating over the expected utility of the optimal

% An implication is that households are naive about information gains that will take place later, be-
tween periods 2 and 3, when making search decisions at f = 1. Consistent with this, our “feedback”
intervention was not announced, and was a surprise to households.

it

school to become known, or a school that was known but not well to become known well. When

evaluating unknown schools, households correctly anticipate the distribution of § and distance, but

believe x is distributed Dirichlet-Multinomial as in equation 11 independently of 4.

3The gain is nonzero only if {n;}t,J > {n;‘jtJ and i}, < 1, i.e. if the clicks would cause an unknown
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detail-view decision given the household’s beliefs, is given by

detall detail detall 0 detail detaﬂ
Z PrlemaX{ ijt — +0 €ils V jt +0 €i0s : (15)
j€li

Households conduct an additional pin click if and only if this object is greater than

the search cost.

Effects of information treatments: We model “search” treatments 1 and 2 as having
direct impacts on belief parameters A. In addition, treatment 2 affects the search
technology via Pr;j, raising the probability of finding “highlight-worthy” schools.

Further, all treatments including feedback enter information indices 77, directly.

ijt
We allow overall effects of receiving feedback, as well as impacts on knowledge of

the schools about which feedback was provided, via indicators in w.

7. ESTIMATION

All parameters are estimated separately for low-SES and high-SES households.

Identification comes from repeated measurements of rank-order lists, aware-
ness, subjective beliefs and perceptions of schools” characteristics, together with
variation over time within person and school in these observed objects that is in-
duced by our treatment assignments and by households’ search activity. In partic-
ular, our survey and administrative data generate multiple measurements, within
household i and school j, of parents” awareness of schools ﬂsurvey € {0,1,2} reflect-
ing knowing the school “not at all”, “by name,” or well” respectively, parents’
perceptions of schools’ characteristics xfﬁrvey € {1,2,3,4}?, their perceived admis-
sions chances, and the rank of j within i’s rank-ordered application at time ¢, as
well as measures of beliefs over the distribution of x.

The relationship between reported knowledge level 7'[Z
sSurvey
ijt
about observables. If parents’ reported perceptions of x; become more accurate

: t ¥ and perceptions

, and between received “treatments” and perceptions, pins down learning

when they know school j “well” than previously when they did not, we will con-

clude that the updating parameter p" is large. Updates in reported knowledge, and
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changes in preference rankings and in perceptions £ within person and school, tell
us also the impact of information treatments and search “clicks” on knowledge 7v*.

Because we observe the effects of treatments on intermediate outcomes (beliefs,
perceptions, awareness) as well as on applications and assignments, we are able
to observe the “takeup” of our information treatments, and therefore distinguish
“takeup” of information from its impacts in the event households’ beliefs were to
tully update.

The extent to which households penalize schools known “by name” at time t,
relative to those known well, and the these schools” dispersion in households’

rank-order lists conditional on their observables, reveal the distribution of match
52
0‘8
o2+
To pin down the remaining parameters, we use additional survey questions on the

shocks ¢, their subjective mean yl , and the subjective signal-to noise-ratio

likely rankings of hypothetical schools.*

Within-school-j variation in %;;; across households, and variation within house-
holds over time, let us distinguish mean-utility parameters B from the direct im-
pact of perceptions 7, consistently with the descriptive patterns described in Table
I. To address selection into search on the basis of baseline knowledge, our model
makes use of pre- and post-search measurements of the relevant objects, exploiting
within-person variation. In our second step, we model the search decision, allow-
ing households’ search costs to vary with baseline knowledge.

Repeated measurements of £, 7, 7r, and rank-ordered preferences within person
and school allow us to accommodate measurement error in perceived characteris-
tics, in reported knowledge levels and in non-final rank-order lists. We allow mea-
surement error on every survey variable, as well as on the “just-before-feedback”

administrative rank-order list submitted at ¢+ = 2.4°

Estimation: We estimate the model in two steps. First, we estimate the distribu-
tion of (47, %, £), and the parameters relevant for these objects, via a Gibbs sam-
pler. We use the baseline survey rank-order list at time ¢ = 0, submitted rank-order

lists at t =2 and t = 3, the sequence of explorer clicks and detail views, baseline

3'We provide details on identification and estimation of match value belief parameters in the Estimation
Appendix.

40Reassuringly we find that this latter measurement error is negligible.
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and midline survey responses to questions on “how well do you know” school j,
and perceived price and quality elicited at baseline, midline, and endline surveys.
The index 77* underlying reported awareness 77°""V*Y has additive Gaussian mea-
surement error whose variance we estimate, as do the payoffs that enter non-final
rank-order lists. Perceived £ are also misreported (drawn uniformly on {1,2,3,4}
independently of the beliefs that enter the household’s decisions) with a probabil-
ity that we estimate.

We estimate admissions-belief parameters y,, %, and click probabilities 'ydiCk of-
fline via maximum likelihood, allowing for measurement error in surveyed ad-
missions perceptions. In a second step, with draws of £ in hand from step 1, we
estimate beliefs over the distribution of unknown schools” prices and qualities,
again allowing for measurement error.*! We estimate beliefs over shocks ¢ as well
at this stage.*? Finally, we impose optimality of the search decision, and estimate
search costs via MLE, taking the means from the first stage as point estimates of

the relevant parameters. We provide details in the Online Appendix.

8. RESULTS AND COUNTERFACTUAL SIMULATIONS

8.1. Results
Table IV presents selected parameters that describe families” preferences, in-
formation, and school unobservables. A full set of estimates is available in Table
AXIIL
Panel A shows the main parameters that govern parents’ preferences and infor-
mation. The first section of the panel presents estimated subjective expected utility
parameters. These are relative to the distance coefficient, which we normalized to

—1. Preferences for perceived school attributes present the expected signs: parents

A challenge is that our belief elicitation is over all schools in the area, while the beliefs relevant for
search are those over unknown schools. If the household reports beliefs for N* unknown schools
and N¥ “known” schools, unknown schools are distributed over cells according to a Dirichlet-
Multinomial distribution with parameters as in Equation (11), while known schools are sampled with
replacement, and the perceived %’s are reported. This may be interpreted as the household sampling
a set of schools from memory. We describe the estimation procedure in detail in the Estimation Ap-
pendix.

42To pin down fi and variance parameters, we use additional survey questions on where households
would rank hypothetical schools with given observables that they have not yet found. See the Esti-
mation Appendix.
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value school quality and do not like prices. Low SES parents are relatively more
responsive to prices, and relatively less responsive to quality. In addition, parents
systematically underestimate the match value of the schools they do not know well
(1! < 0), implying that parents systematically update positively when learning a
school well that had been known “by name”.

Consistent with descriptive evidence, schools that are located closer to the
household, and highlight-worthy (low price, high quality) schools are more likely
to be known by parents, as are schools that parents have explored in the past.
Parents who received information treatments are in general more likely to know
schools as well. When a high SES household knows a school “well”, it learns the
true x’s with probability 27%. For low SES households this probability is 5.4%.

At the bottom of panel A, we show the estimates for the parameters that gov-
ern subjective admission chances. High and low SES parents’ beliefs exhibit sim-
ilar optimism and compression on average. However, the standard deviation of
the “compression” term, 0,1, indicates substantial heterogeneity, with some house-
holds’ beliefs more extreme than the truth.

Panel B describes the variance-covariance matrix for the estimated random coef-
ficients. For all attributes, there is heterogeneity in preferences that is not explained
by observable characteristics. Unobserved price and distance sensitivity are posi-
tively correlated, which implies that price-sensitive families are also less willing to
travel. The covariance between price and quality and distance and quality is also
positive, which implies that parents who value school quality tend to be less price
and distance-sensitive.

Panel D shows the means and variance-covariance matrix for the school level
random effects that enter the subjective utility and knowledge level equations. The
intercept for the expected mean utilities is negative for both types of parents, and
more expensive and higher quality schools have higher expected mean utilities.
Schools with higher prices are more easily discovered by both types of parents.
For quality, the sign differs: high quality schools have higher (lower) expected dis-
coverability for high (low) SES parents. The positive covariance parameter implies

that more desirable (high §) schools are more likely to be known at baseline (high
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1) and that the schools that families may find via search have lower mean utilities
on average than those already known.*?

Panel E shows search cost estimates for pin and profile (detailed) clicks. The first
section of the panel presents the results for the deterministic component of the cost
of clicking on a school. To allow selection on baseline knowledge, this is a linear
function of a constant and two cost shifters (mean 7jy and the probability of non-
placement given 7. The deterministic component of the cost of the pin clicks is
negative and substantially larger in magnitude for the low SES parents, as shown
in Figure A.5a, but variances are larger as well.**

Figure A.4 shows the estimated distortion functions. Perceived distributions of
price and quality are compressed relative to the truth. In addition, both low- and
high-SES parents systematically overestimate quality. While low-SES households
tend to overestimate prices relative to true values, high SES households do not.
This pattern may be due to some low SES families’ being unaware of their targeted
voucher eligibility, which makes most schools free for them.

Figure A.6 shows that our model fits the data well. The sub-figures compare the
distribution of observed and predicted characteristics of the choices that parents
make, as well as placement probabilities and search behavior (pin and detailed
clicks), capturing key patterns in the choices that parents make. We also compare
the distribution of latent variables (utility and components of the information in-
dex) conditional on the observed search actions and applications to the “ex-ante”
distributions produced by simulating preference shocks, random coefficients, la-
tent information terms, search, and application decisions conditional on exoge-

nous characteristics only.

8.2.  Counterfactuals
Table V provides a summary of the counterfactual simulations, pooling results

across low SES and high SES households. In each counterfactual, we change some

#3We plot the distribution of mean utility and discoverability in Figure A.3, showing a positive rela-
tionship that is steeper for high-SES households.

“We treat the first search differently. There is a separate mean and variance for the cost of the first click,
see the Online Appendix for details. Our estimates indicate that, conditional on this click, high-SES
households’ decisions are more responsive to perceived values while low-SES households” decisions
are more random.



SEARCH AND BIASED BELIEFS IN EDUCATION MARKETS

41

TABLE IV
SELECTED MODEL ESTIMATES
Low SES High SES Low SES High SES
Param. Coeff. Std Err. Coeff. Std Err. Param. Coeff. Std Err. Coeff. Std Err.
Panel A: Preferences and Information Panel B: Variance Covariance of Random Coefficients (Utility)
Subjective Expected Utility Parameters Variances
Perceived Price 7p  -0.534 (0.070) -0.335 (0.168) Constant e 15424 (1.890) 14.517 (1.507)
Perceived Quality 9q 0652 (0.048) 0.814 (0.079) Distance o4 0535 (0.014) 0.698 (0.036)
Price op 1.790 (0.099) 1.238 (0.126)
Knowledge Shifters (Selected) Quality aq 0.547 (0.120) 0.535 (0.097)
Distance a;  -0.146 (0.029) -0.116 (0.018)
Treatment 1 Qg 0.139 (0.121) 0.448 (0.128) Covariances
Treatment 2 ay 0.195 (0.060) 0.198 (0.237) Constant-Distance Oed -1.506 (0.069) -1.885 (0.217)
Highlight-worthy ap 0362 (0.102) 0258 (0.048) Constant-Price oep  -3.657 (0281) -2.657 (0.383)
Single Click '™ 0.933 (0.180) 0.433 (0.059) Constant-Quality Ocq -2.222 (0.448) -2.015 (0.335)
Double Click Qo 1.369 (0.228) 0.772 (0.072) Distance-Price Ta,p 0.202 (0.030) 0.067 (0.048)
Distance-Quality Oidq 0.115 (0.022) 0.169 (0.051)
Pr(learn true x’s | know well) ph 0.054 (0.012) 0.274 (0.032) Price-Quality Tpq 0.182 (0.057) 0.104 (0.087)
Subjective Admission Chances Parameters Panel C: Match Value Shocks €;; Primitives
Optimism (mean) o0 0.685 (0.008) 0.683 (0.019) Mean Subjective Expectation M -0.413 (0.036) -0.592 (0.087)
Optimism (sd) o0 0.197 (0.011) 0.216 (0.033) ofe¢;; given €j;
Compression (mean) Mol 0.160 (0.012) 0.262 (0.049)
Compression (sd) 01 0.232 (0.039) 0.298 (0.049) Variance Covariance of Errors (Xe)
1 1 0.190 (0.026) 0.880 (0.153)
2 0.045 (0.009) 0.189 (0.020)
2 2 0.618 (0.057) 1.414 (0.149)
Panel D: Random Effects (6 and 1) Panel E: Search Costs
Coefficients on Mean Elements (Mean Utility) Pin Click )
Constant B 2284 (0.094) -4.193 (0.188) Std. dev. of ¢/ o 6.723 (1.752) 1.223 (0.935)
Price By 0.198 (0.033) 0.658 (0.130) Std. dev. of the shock b 8.835 (2.187) 2.188 (0.950)
Quality By 0340 (0.023) 0419 (0.051) Intercept - first G 13500 (54153) 0952 (0.705)
Coefficients on Mean Elements (Discoverability) Std. dev. of the shock - first Ugm 0.771 (1.762) 1.452 (0.994)
Constant it -0.172 (0.056) -0.599 (0.081) Coefs on xc
Price a, 0189 (0.043) 0315 (0.016) Constant Acost 10493 (2.512) -3.283 (0.565)
Quality ag 0015 (0.058) 0.059 (0.027) Mean 7t yst 1778 (0.574) 0768 (0.125)
Variances Pr Place i st -1.711 (0.644) -0.206 (0.176)
Mean Utility o5 0.522 (0.108) 0.938 (0.133)
Discoverability oy 0.488 (0.131) 0.433 (0.035) Profile Click (Detailed View)
Covariances Mean et 1.768 (0.540) 0.692 (0.134)
M. Utility - Discov. 05, 0242 (0.052) 0250 (0.041) Standard Deviation gt 0555 (0.471) -0.529 (0.284)

Note: This table presents results from model estimation.

aspects of the information environment and simulate search behavior, applica-

tions, allocations (holding admissions cutoffs fixed), and final enrollment for the

families in the sample. We report the expected utility of the final application un-

der the true preferences (“welfare”), placement probabilities and expected rank on

the submitted application, mean characteristics of placed schools conditional on

receiving a placement, search activity, and perceived returns to the first search.

Gains from full information: We begin by comparing a baseline scenario (row

1) to a full-information benchmark (row 2). In the baseline, we simulate search

decisions and applications using our model. This scenario differs from the data in

that we remove the effects of our information treatments and re-simulate search
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TABLE V
MAIN RESULTS

Welfare Placement E(School Charact) Search (N.Clicks)

Place  E(rank) Quality VA Single Double  V(1st)

Gains from Full Information

(1) Full model baseline 0540 0731 1428 2995 0139 3717 1058 0576
(0.019) (0.006) (0.010) (0.010) (0.006) (0.110) (0.034) (0.005)
() Full information 1307 0844 1609 3194 0215 - - -
(0.016) (0.005) (0.012) (0.010) (0.006) - - -
(3)  Gains (difference (2)-(1)) 0767 0113 0181 0199  0.076 - - -
(0.025) (0.008) (0.016) (0.014) (0.008) - - -
(% Change) 142.04% 1546% 12.68%  6.64%  54.68% - - -

Decomposition: sequential correction of beliefs and misperceptions

(4)  Better Search (S*) 0753 0770 1456 3051 0157 5490 - 0.759
(0.019) (0.006) (0.010) (0.010) (0.006) (0.129) - (0.006)
(G)  S*+«x 1002 0719 1481 3184 0213 5494 - 0.748
(0.016) (0.006) (0.010) (0.010) (0.006) (0.129) - (0.006)
6)  S*+x+f(x) 1002 0719 1481 3183 0211 5476 - 0.752
(0.016) (0.006) (0.010) (0.010) (0.006) (0.129) - (0.006)
@) S*4x+f(x)+r 1004 0720 1481 3184 0212 5540 - 0.785
(0.016) (0.006) (0.010) (0.010) (0.006) (0.131) - (0.007)
(B) S +x+f(x)+r+fle) 0999 0745 1505 3185 0212 5367 - 0530
(0.016) (0.006) (0.011) (0.010) (0.006) (0.127) - (0.530)
©)  S*+x+f(x)+r+fle)+e 1087 0758 1509 3177 0208 5307 - 0471
(0.016) (0.006) (0.011) (0.010) (0.006) (0.126) - (0.005)

Misspecified models

(10) No mispercept. of x (£ = x)
(Gains in outcomes relative to baseline) 0.518 0.177 0.108 -0.030 -0.022 - -
(Gains in S§* relative to baseline) 0.133 0.060 0.014 -0.008 -0.008 1.818 - 0.084
(Gains in (9) relative to baseline) 0.277 0.099 0.042 -0.019 -0.014 1.740 - 0.018

(11) No mispercept. of x, e if 7 >0
(Gains in outcomes relative to baseline) ~ 0.138 0.058 0.027 -0.006 -0.008 - - -

Note: This table presents the counterfactuals. Columns: Welfare: EU according to fully informed payoffs. Place:
probability of placement. (E(rank),Quality, VA): avg. (rank of placed school within ROL,quality,school value added
(in student-level SD)), conditional on placement. (Single, Double, V(1st)): number of single clicks, double clicks, and
value of the first pin click. Rows are as follows. Full model baseline: includes all possible misperceptions and biases.
Full information: 7t;;7 > 1 for all (1,7), and £ = x. Gains: difference in outcomes between full information and baseline.
Decomposition: sequential correction of beliefs and misperceptions. Better search (S*): search is perfectly informative.
§* 4+ x: §*4 provides full information about price and quality of known schools. * 4+ x + f(x): S* 4+ x+ correct
distribution of school characteristics of unknown schools. $* + x + f(x) + r: $* + x + f(x)+ correct misperceptions
about rejection chances at known schools. S* + x + f(x) +r + f(e): S* + x + f(x) + r+ correct beliefs about the
distribution of match value shocks of unknown schools. 5* + x + f(x) +r +e+ f(e): S* + x + f(x) +r + e+ correct
misperceptions about the match value shocks of known schools. No mispercept. of x: gains from misspecified model
assuming £;j; = x;; relative to baseline. No mispercept. of x, e if 77 > 0: gains in misspecified model assuming £;;; = x;;
and perfect learning for all schools with 7;;7 > 0 relative to baseline (as in data)

decisions.*®> Under full information, we endow households with full information

45We condition on the actions that households took in the data when drawing latent terms. We adjust
wjj; so that all households are assigned to the “control” arms in the feedback and search experiments.
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about all schools and correct all misperceptions, setting 7t;;r = 2 and 32;2] = x;j for
all i and j. This scenario provides an upper bound on welfare gains.

Welfare would increase by the equivalent of .767 fewer kilometers traveled,

placement probability would increase by 11.3 percentage points, expected qual-
ity by 0.2 points on a 4-point scale, and value added by 0.076 student standard
deviations. We do not report search activity as it is irrelevant under full informa-
tion.
Gains decomposition: We next decompose the gains from full information, quan-
tifying the relative contribution of each misperception, bias, and friction in the
search process that we consider. To aid interpretation, our first step (row 4) consists
of improving and simplifying the search technology. In particular, we make “pin
clicks” fully informative, taking P sufficiently large to guarantee 71;; =2 in all
subsequent periods for schools j that i clicks. Specifying a single fully-informative
search action makes our setting simpler and closer to others.

Under this improved search technology, we then correct biases, misperceptions,
and imperfect information in the following order. We correct misperceptions of
observables, setting 3212] = 3?11] = x;; for all ij (row 5). We then set beliefs about the
distribution of unknown schools” price and quality to their objective values (row
6), provide rational expectations about rejection chances (row 7; set # = r), provide
rational expectations about the distribution of match-value shocks € and measure-
ment error (row 8), and finally remove measurement error on match-value shocks,
setting é}j = ¢;j (row 9).

Improving the search technology would cause welfare to increase substantially,
by the equivalent of 0.21 kilometers. Placement rates would rise from .73 to .77,
with small positive effects on the quality and value added of assigned schools.
Most of the remaining welfare gains would then come from fixing misperceptions
of observables. Moving from row (4) to (5), welfare would increase by about a
quarter of a kilometer per household. Quality and value added of assigned schools
would increase as well, by .13 points and .06 student standard deviations respec-

tively, to nearly the level that would be attained under full information. Secondar-
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5°+ all (66%) 5*+ all (50%)
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FIGURE 6.—Gains of full information. Notes: This figure shows the gains from moving from the
baseline case to a full information environment using a solid horizontal line, in green for low SES and blue
for high SES. Three dots show the outcomes that would be achieved under the bettersearch (5*), the
bettersearch (S*) +x, and the bettersearch (S*)+x + f(x) +r + e+ f(¢) counterfactuals. The share of the
gains under these three counterfactuals is displayed in parenthesis.

ily, providing full information about ¢ whenever 7t;; > 0 would raise welfare by
about .09 kilometers.

Heterogeneity by SES: Figure 6 complements Table V, showing heterogeneity in
a subset of these outcomes by SES.* For high SES households, improving search
and fixing all information frictions achieves about 66% of the gains from full in-
formation. For low SES households, this figure is 73%. More importantly, gains in
quality and value added are twice as large for low-SES households. At baseline,
the quality of assigned schools is roughly .12 points lower for low-SES households
than for high-SES households. Providing full information would entirely close this
gap. Merely providing accurate perceptions of £ would do so as well.

Search Activity: The final three columns of Table V show the number of single
(pin) and double (profile) clicks as well as the average subjective value, given
households’ perceptions and beliefs, of the first on-platform search. Improving

the search technology would raise the perceived returns and induce roughly 50%

OWe provide further details in Appendix tables A. XV and A.XVI.
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more search activity, from 3.7 clicks at baseline to 5.5 on average. However, further
changes in mean search levels would be small or negative. As estimates indicate
that households underestimate the mean and overestimate the variance of ¢, cor-
recting these beliefs can induce changes with either sign. We find that the variance
dominates. Accurate information about the distribution of ¢ would reduce per-
ceived returns to search on average (row 8). Removing measurement error on &
(row 9) would further reduce true and perceived returns to search.

These means mask important heterogeneity. Figure 7a shows the distribution
of the individual change in the number of clicks when we provide correct infor-
mation about x’s of all the known schools on top of the better search technology.
Absolute changes are large. Some families will search more once they learn the true
characteristics of the schools known in the baseline, and others will search less.
Search Costs: To understand the role of search costs, we run a final sequence of
counterfactuals starting from the better search scenario in which we gradually re-
duce the search costs. The main results are presented in Figure 7b and 7c. We pro-
vide more details in Table A XVIIL. Consistent with the results already shown, im-
proving the search technology achieves 30% of the welfare gains, and increases
the number of schools clicked by almost two. However, once the technology is im-
proved, large cost reductions are necessary to move families to search more and
submit a portafolio with higher expected welfare. The combination of improving
the search technology and reducing the search costs by 80% achieves 50% (35%) of
the gains from full information for high (low) SES families. As the costs approach
0, families search all schools and their expected welfare converges to the full infor-
mation benchmark.

Misspecified models: Finally, to assess the importance of modeling biased beliefs
and misperceptions, we simulate counterfactuals in simpler misspecified models.
In the first misspecified model, we estimate assuming 3?12] = 9?11] = x;j for all (i,j), as
if we had not collected data on misperceptions of observables. We call this coun-
terfactual no misperception of x (£ = x). The second misspecified model, no misper-
ception of x, e if T > 0, assumes in addition that there is no measurement error on
¢ and no distinction between 77;; = 1 and 7;;; = 2, as if we had pursued a stan-

dard “consideration set” approach. We compare a full-information counterfactual,
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simulated under these assumptions, to baseline estimates. Had we ignored mis-
perceptions about schools’ price and quality, we would have reversed the sign of
estimated impacts on school quality. Providing full information about all schools
would have led households to sort into schools with quality 2.97 on average, lower
than at baseline.

We have estimated search costs and simulated a “better search” counterfactual
under this first misspecifed model as well, further assuming that households have
rational expectations over unknown x’s and shocks. Compared to our main specifi-
cation, this model underestimates the impact of “better search” relative to baseline.

By construction, providing information about x has zero effect.

207

Density
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Increase in Single Click

Share of Welfare Gains

0 == 01x ' ! ! | ! 01x : ! ! ! | '
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(a) Change N. of Clicks (b) Search Cost Reduction  (c) Search Cost Reduction

FIGURE 7.—Panel (a) shows the individual change in number of clicks between the counterfactuals
bettersearch +x and bettersearch. Panel (b) shows welfare by the distribution of better search technology.
Panel (c) shows single clicks by the distribution of better search technology. The shaded area indicates
the 95% confidence interval.

9. CONCLUSION

This paper investigates the interactions between parents’ biases and mispercep-
tions and their information-acquisition efforts, applications under uncertainty, and
assignments in a “school choice” market. We estimate a novel model of search,
information, and demand for schools, using new data on parents” search activi-
ties, awareness of schools, (mis)perceptions of their characteristics and admissions
chances, and beliefs about the distribution of local schools’ characteristics, together

with variation induced by randomized information experiments.
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Our experiments and counterfactuals show that providing information before
families make search decisions complements their efforts, raising welfare and as-
signing them to higher-quality schools. Consistent with theory, providing accu-
rate information would have heterogeneous effects on families’ search efforts, with
some families engaging in greater search effort while others stop sooner.

We consider counterfactuals that provide information broadly. It may be valu-
able to policymakers to understand whom to treat, with what information, and at
what time, however, given that information provided at the wrong time may be
ignored in practice. We provide a unified framework for analyzing the impacts of
information provision about strategic behavior, admissions chances, and schools’
characteristics, which may be useful for addressing these questions. In addition,
our model may serve an input for future research on equilibrium and supply-side

behavior in these markets.
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ONLINE APPENDIX
A.1. ADDITIONAL DESCRIPTIVE RESULTS

In this section, we present additional descriptive results. Figure A.1 plots dif-
ferences in perceived and true admission chances. We find that beliefs are biased
upwards on average and exhibit compression. Table A.I shows that parental be-
liefs about the availability of schools affect search effort. Consistent with sequential
search, we find in Table A.Il that parents are more likely to stop searching when
the last searched school is highlight-worthy. Tables A.III, A.IV, and A.V show that
behavior on the school explorer platform affects the knowledge, beliefs, and per-
ceptions of parents. Clicking on a school makes it more likely that a parent knows
a school well (Table A.III) and that a parent’s perceptions about school quality and
admission chances are correct (Table A.IV). We also find that a parent’s experience
on the school explorer platform affects beliefs about the distribution of schools’
characteristics. In Table A.V, we find that parents who clicked on more highlight-
worthy schools in the explorer also report an increase in the perceived number of

highlight-worthy schools in the midline survey.
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FIGURE A.l1.—Error in placement chances. Notes: Panel (A) shows the perceived and real distribu-
tion of placement chances for the school listed as first preference at baseline. If a school offers more
than one program, placement chances are calculated according to the most common program offered
by the school. The dotted lines indicate the mean values for each distribution. Panel (B) shows the
bias on perceived placement chances of the first preference school at baseline, measured as perceived
placement chances minus real placement chances. Positive values indicate that the parent responded
a higher placement chance than real and negative values indicate that the parent responded a lower
placement chance than real. The red dashed line indicates the mean bias and the grey solid line indi-
cates the point of zero bias.



TABLE A.I
EFFECTS OF PERCEIVED VS REAL SCHOOL AVAILABILITY ON SEARCH EFFORT IN CONTROL GROUP

Number of Pin Clicks
Mean 50th Pct. 75th Pct.
(1) ) 3)
Panel A: Number of High-Quality Schools
Perceived Number 0.099 0.136™* 0.440***
(0.098) (0.069) (0.135)
True Number 0.306™** 0.159*** 0.480***
(0.069) (0.055) (0.109)
Panel B: Number of Low-Price Schools
Perceived Number 0.173* 0.145** 0.299**
(0.094) (0.064) (0.128)
True Number 0.145%** 0.081** 0.230***
(0.044) (0.033) (0.067)
Mean/Percentile 8.01 3.00 10.00
Observations 1,027 1,027 1,027

Note: This table shows how perceived and true school availability affects search effort in the control group. Column
1 regresses perceived and real number of schools on mean number of pin clicks in the school explorer. Column 2 is a
quantile regression for the 50th percentile of pin clicks and column 3 is a quantile regression for the 75th percentile of
pin clicks.

TABLE A.II
EFFECTS OF SEARCH HISTORY ON STOPPING DECISION

Outcome: Stopped Searching
Sample Restriction: Pooled High SES Low SES
(1) 2) 3
School is Highlight-worthy 0.031*** 0.040%* 0.028**
(0.010) (0.020) (0.012)
Mean of Outcome 0.111 0.110 0.111
Observations 4210 1070 3122

Note: This table shows how search history affects the stopping decision. The sample consists of parent-school pin
click observations in the control group. All columns regress an indicator variable for whether the parent stopped
searching after this school pin click, the true number of total schools, the true number of highlight-worthy schools,
and fixed effects for how many school pin clicks the parent made until this point. Column 1 uses all observations.
Column 2 is restricted to high SES parents and column 3 is restricted to low SES parents.
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TABLE A.III
PLATFORM BEHAVIOR AFFECTS SCHOOL KNOWLEDGE

Outcome: Knows School Well at Midline
Sample Restriction: Unconditional Unknown at Known by N ame
Baseline at Baseline
© @ ©)
School Pin (Single) Click 0.048*** 0.038* 0.053
(0.019) (0.020) (0.051)
School Profile (Double) Click 0.124*** 0.107** 0.217***
(0.028) (0.049) (0.061)
Baseline - Knows By Name 0.285%**
(0.022)
Baseline - Knows Well 0.718***
(0.021)
Mean of Outcome 0.270 0.050 0.369
Observations 2412 1429 499

Note: This table presents the regression of search behavior on school knowledge levels in the midline survey. Ro-
bust standard errors are reported in parentheses. Column 1 uses all observations. Column 2 is restricted to schools the
parents did not know in the baseline survey. Column 3 is restricted to schools the parents only knew by name in the
baseline survey. The sample is restricted to control group parents who opened the school explorer platform.

TABLE A.IV
SEARCH HISTORY AFFECTS THE PERCEPTION OF SCHOOL ATTRIBUTES

Price Quality Pr Admission Chance
Absolute Absolute Absolute
Value Correct Value Correct Value Correct
() 2 ®) 4) ) (6)
Single Click -0.062 0.036 -0.095** 0.118*** -0.035 0.125**
(0.056) (0.047) (0.047) (0.041) (0.028) (0.052)
Double Click -0.050 0.054 -0.108** 0.074* -0.001 -0.056
(0.059) (0.050) (0.050) (0.043) (0.027) (0.048)
Outcome at Baseline 0.226*** 0.305*** 0.396*** 0.343*** 0.385*** 0.257%**
(0.038) (0.041) (0.034) (0.037) (0.050) (0.058)
Truth 0.050* -0.033 -0.219*** 0.147*** -0.095** 0.129**
(0.027) (0.023) (0.030) (0.024) (0.038) (0.065)
Mean of Outcome 0.349 0.681 0.521 0.548 0.328 0.237
Observations 470 470 599 599 355 355

Note: This table shows how clicking a school in the explorer affects the perceptions of price (Columns 1-2), quality
(Columns 3-4), and probability of being admitted (Columns 5-6). Robust standard errors are reported in parentheses.
Columns 1, 3 and 5 represent the absolute difference between the perceived and actual value. Columns 2, 4 and 6 are
indicators if the parent’s perceptions are correct. For admission chances, we consider the answer to be correct if the
absolute difference between the perceived and actual value is not more than 10 percentage groups. Each regression
also controls for the outcome variable measured at baseline as well as the true school attribute. The sample is restricted
to parent-school observations in the control group who opened the school explorer platform.



TABLE A.V
PLATFORM BEHAVIOR AFFECTS BELIEFS

Midline Survey

Perceived Number of Perceived Number of

Schools Highlight-worthy
Schools
@ 2)
Explorer Experience 0.113** 0.100**
(0.051) (0.041)
Baseline Perception 0.268*** 0.158***
(0.057) (0.031)
Actual Value 0.069*** 0.033*
(0.018) (0.017)
Mean of Outcome 6.242 1.907
Observations 550 537

Note: This table shows how explorer experiences affect perceptions in the midline survey. Robust standard errors
are reported in parentheses. Column (1) regresses the perceived number of schools within 2km in the midline survey
on the number of school profile clicks in the explorer, the perceived number of schools within 2km in the baseline
survey, and the actual number of schools within 2km. Column (2) regresses the perceived number of highlight-worthy
schools within 2km in the midline survey on the number of highlight-worthy school profile clicks in the explorer, the
perceived number of highlight-worthy schools within 2km in the baseline survey, and the actual number of highlight-
worthy schools within 2km. The sample is restricted to control group parents who opened the school explorer platform
and completed the midline survey (N=616).
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A.2. ADDITIONAL EXPERIMENTAL RESULTS

In this section, we present additional results from the two experiments. Table
A.VI examines selection into the study sample by showing differences in house-
hold characteristics between the universe of applicants and the study sample. Table
A.VII shows that there was no differential attrition between treatment groups. Ta-
bles A.VIII and A.IX present balance checks for the search aid interventions and the
teedback intervention, respectively. We examine the treatment effects of the search
aid interventions on application outcomes in Table A.X. We observe that the sec-
ond treatment arm increases (i) the share of parents who submitted an application
through the SAE, (ii) the likelihood that the second-ranked school is highlight-
worthy, and (iii) the likelihood that the child enrolls in the school to which the
child was assigned. We investigate heterogeneity in treatment effects by perceived
returns to search in the baseline survey in Figure A.2 and Table A.XI and find that
the treatment effects are concentrated among parents who said that they were un-
likely to search for additional information on schools. Table A.XII further presents

the effects of the feedback intervention on assignment and enrollment outcomes.



TABLE A.VI
DESCRIPTIVE STATISTICS FOR THE UNIVERSE OF APPLICANTS AND THE STUDY SAMPLE

Universe Control Group Sample
All Low SES High SES

&) @ ® @
N 207,578 917 695 220
Panel A: Demographics
SEP Household 0.51 0.43 0.52 0.15
Female 0.49 0.51 0.53 0.45
Panel B: Application Behavior
Length initial attempt 2.93 3.59 3.51 3.83
Length final attempt 297 3.67 3.59 3.92
Total attempts 1.05 1.08 1.08 1.10
Panel C: Placement
Placed in pref. 0.88 0.93 0.94 091
Placed 1st pref. 0.64 0.61 0.63 0.51
Partic. in 2nd round 0.07 0.08 0.07 0.10
Panel D: Enrolled School
Enrolled at some school 0.97 0.98 0.98 0.95
Enrolled at placed 0.71 0.72 0.73 0.69
Free Tuition 0.75 0.75 0.80 0.59
Insufficient Quality 0.03 0.02 0.02 0.01
Mid-Low Quality 0.19 0.16 0.17 0.13
Mid Quality 0.60 0.55 0.54 0.60
High Quality 0.18 0.27 0.27 0.26
Highlight Worthy 045 0.48 0.52 0.36

Note: The table shows summary statistics for the universe of applicants and control group parents in the study
sample. Column 1 consists of all students who either applied to prekindergarten, kindergarten, or first grade in 2021.
Column 2 consists of control group children who submitted an application and entered the explorer platform. Column
3 consists of control group children whose mother did not complete college and Column 4 consists of control group
children whose mother completed college. Length of initial/final attempt is the number of programs on an applicant’s
first and final choice application. Total attempts is the number of times an applicant submitted an application to the
centralized system. Placed in pref/1st are indicators for any placement or for the school ranked first. 2nd round variables
describe participation in the second centralized placement round.

TABLE A.VII
ATTRITION CHECK

Midline Survey Endline Survey Endline Survey

o 2 3

Treatment 1 0.024 0.002

(0.022) (0.016)
Treatment 2 -0.021 0.006

(0.022) (0.016)
Feedback Treatment -0.002

(0.014)

Control Group Mean 0.532 0.147 0.154
Observations 3,111 3,111 3,055

Note: This table shows attrition rates by treatment status. The outcome in Column 1 is an indicator variable for
whether the respondent completed the midline survey and the outcomes in Columns 2 and 3 are indicator variables
for whether the respondent completed the endline survey. The sample is restricted to parents who opened the school
explorer platform.
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TABLE A.VIII
BALANCE CHECKS FOR SEARCH INTERVENTIONS

Panel A: Choice Environment
Number of available schools
Number of available highlight-worthy schools

Panel B: Parent/Child Characteristics
Child is female

Child’s birthyear

Mother completed college

Number of younger siblings

Child has a disability (belief)

Parent works in a school

SEP household

Panel C: Initial Knowlege and Beliefs

Expected satisfaction with process

Listed any school as first preference

First-preference school is highlight-worthy

Perceived admission change for first-preference school
Number of schools known by name

Number of schools known well

Perceived number of available schools

Perceived number of available highlight-worthy schools
Parent believed to be SEP eligible

SEP did not know about SEP status

Panel D: Treatment Summary

Observations

Whatsapp Reminder + SEP Status + Explorer
School Distribution

Highlight-worthy School

Control Treatment 1 Treatment 2
Mean  St. Dev. Coeff. St. Err. Coeff. St. Err.
(€] 2 3 4 ®) (6)
16222  [9.169] -0.142 (0.279) -0.076 (0.279)
8.640 [5.014] -0.110 (0.166) 0.031 (0.164)
0.495 [0.,500] 0.016 (0.019) 0.023 (0.019)

2017.096 [0.550] 0.012 (0.021) 0.014 (0.021)
0.220 [0.414] 0.018 (0.013) -0.003 (0.013)
1.146 [0.387] 0.017 (0.015) 0.008 (0.015)
0.070 [0.255] 0.007 (0.011) -0.004 (0.010)
0.066 [0.249] -0.002 (0.010) -0.007 (0.009)
0.450 [0.498] -0.015 (0.014) -0.016 (0.014)
5.235 [1.395] 0.049 (0.056) -0.018 (0.057)
0.909 [0.288] 0.001 (0.011) 0.008 (0.011)
0.609 [0.488] 0.038* (0.021) 0.053* (0.020)
0.684 [0.272] 0.013 (0.011) 0.022 (0.011)
3.301 [2.684] -0.078 (0.103) 0.027 (0.102)
1.874 [2.046] -0.006 (0.078) 0.049 (0.079)
7.444 [6.936] 0.016 (0.264) -0.373 (0.261)
3.671 [3.615] 0.045 (0.136) -0.123 (0.133)
0.172 [0.378] -0.000 (0.015) -0.008 (0.014)
0.665 [0.472] -0.014 (0.018) 0.024 (0.018)

Control Treatment 1 Treatment 2
1318 1313 1317
X X X
X X
X

@)

3948
3948

3948
3948
3945
3948
3528
3885
3908

3689
3948
3245
3689
3948
3948
3948
3948
3948
3948

Note: This table shows balance for baseline covariates for the search aid interventions. Column 1 reports the control
mean of the dependent variable for each relevant subgroup (standard deviations in brackets). Columns 3 and 5 report
the difference in the dependent variable from OLS regressions of each outcome on indicator variables for treatment
assignments and stratification dummies. Robust standard errors are reported in parentheses. Variables in Panel A
come from administrative data. Variables in Panels B and C come from the baseline survey.



TABLE A.IX
BALANCE CHECK FOR FEEDBACK INTERVENTION

Control Feedback Treatment
Mean St. Dev.  Coeff. St. Err. N
@) 2 @) 4) ©)
Panel A: Choice Environment
Number of available schools 15.778 [9.398] -0.740 (0.860) 2581
Number of available highlight-worthy schools 8.355 [5.020] 0.187 (0.525) 2581
Panel B: Parent/Child Characteristics
Child is female 0.516 [0.500] -0.011 (0.025) 2581
Child’s birthyear 2017119  [0.500] -0.017 (0.026) 2581
Mother completed college 0.206 [0.404] 0.023 (0.027) 2579
Number of younger siblings 1.126 [0.360]  0.032* (0.019) 2581
Child has a disability (belief) 0.055 [0.229] 0.011 (0.013) 2300
Parent works in a school 0.063 [0.243] 0.001 (0.009) 2542
SEP household 0.455 [0.498] -0.019 (0.026) 2581
Panel C: Initial Knowlege and Beliefs
Expected satisfaction with process 5.273 [1.391] -0.019 (0.064) 2435
Listed any school as first preference 0.937 [0.243]  -0.002 (0.019) 2581
First-preference school is highlight-worthy 0.647 [0.478]  0.041 (0.035) 2164
Perceived admission change for first-preference school 0.703 [0.264]  0.022% (0.012) 2435
Number of schools known by name 3.352 [2.790] 0.095 (0.164) 2581
Number of schools known well 2.057 [2.117]  -0.023 (0.104) 2581
Perceived number of available schools 7.079 [6.207] 0.428 (0.320) 2581
Perceived number of available highlight-worthy schools 3.565 [3.086]  0.221 (0.174) 2581
Parent believed to be SEP eligible 0.165 [0.371] -0.014 (0.015) 2581
SEP did not know about SEP status 0.676 [0.468] 0.022 (0.019) 2581
Panel D: Search Treatments
Search Treatment 1 0.326 [0.469] 0.002 (0.023) 2581
Search Treatment 2 0.349 [0.477]  -0.004 (0.020) 2581
Observations 1395 1186

Note: This table shows balance for baseline covariates for the feedback intervention. Column 1 reports the control
mean of the dependent variable for each relevant subgroup (standard deviations in brackets). Column 3 reports the
difference in the dependent variable from OLS regressions of each outcome on an indicator variable for feedback
treatment assignments and market fixed effects. Standard errors clustered at the market cluster level are reported in
parentheses. Variables in Panel A come from administrative data. Variables in Panels B and C come from the baseline
survey.
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TREATMENT EFFECTS OF SEARCH INTERVENTION ON APPLICATION OUTCOMES
Rank 1 Rank 2
Submitted - . Knew o Knew Enrolled in
Applica-  /\PPlication  Highlight-  Value Distance  School Well  1ihlight- value Distance  School Wetl , Ot Assigned
! Length worthy Added o worthy Added o Assigned
tion at Baseline at Baseline School
1 2 3) “) 5) ©6) @) ®) ) (10) (1n (12)
Panel A: Pooled
Treatment 1 0.010 0.049 0.011 0.007 0.046 0.021 0.010 0.012 0.374 0.034 0.012 0.015
(0.013) (0.072) (0.017) (0.017) (0.218) (0.021) (0.021) (0.019) (0.353) (0.025) (0.011) (0.020)
Treatment 2 00267 0015 0.005 0.001 0.153 0.000 0.050° 0.016 0.174 -0.042° -0.002 0035
(0.012) (0.071) (0.017) (0.017) (0.209) (0.020) (0.021) (0.019) (0.393) (0.026) (0.011) (0.019)
Control Group Mean 0.893 3444 0.696 0.246 2,006 0.670 0.683 0.168 2972 0485 0.069 0.765
Observations 3111 2818 2757 2703 2818 2017 2568 2492 2633 1491 2817 2748
Panel B: Heterogeneity by SES Status
Treatment 1 x High SES 0.007 0.025 0.024 0.047 0.154 0.029 0.091** 0.023 0.285 -0.021 -0.009 0.028
(0.023) (0.157) (0.037) (0.035) (0.458) (0.042) (0.046) (0.037) (0.725) (0.049) (0.027) (0.041)
Treatment 1 x Low SES 0.012 0.077 -0.006 -0.009 -0.117 -0.019 0.015 0.006 0.586 -0.036 0.014 0.031
(0.015) (0.081) (0.020) (0.020) (0.247) (0.024) (0.024) (0.023) (0.401) (0.029) (0.012) (0.022)
Treatment 2 x High SES -0.005 0.060 0.012 0.035 0.076 0.019 0.166"** 0.031 0.622 0.016 -0.009 0.012
(0.025) (0.151) (0.036) (0.038) (0.455) (0.041) (0.046) (0.038) (0.753) (0.052) (0.028) (0.041)
Treatment 2 x Low SES 0.036" 0.002 0.002 -0.010 -0.180 -0.006 0.014 0.010 0.037 -0.057* -0.000 0.042°
(0.014) (0.080) (0.020) (0.019) (0.238) (0.023) (0.023) (0.022) (0.468) (0.029) (0.012) (0.022)
p-value: Treat 1 x High SES 0.853 0.567 0.662 0.172 0.602 0.835 0.042 0.696 0.292 0.79 0.887 0.206
=Treat 1 x Low SES
p-value: Treat 2 x High SES 0.158 0733 0794 0289 0.839 0598 0.003 0.644 0517 0218 0783 0514
= Treat 2 x Low SES
Control Group Mean (High SES) 0909 3.695 0585 0.262 2,081 0.691 0552 0.229 2766 0.504 0.091 0.762
Control Group Mean (Low SES) 0.888 3.368 0732 0242 1986 0.663 0724 0.150 3.036 0478 0.062 0.766
Observations 1 (High SES) 732 670 659 639 670 471 609 585 620 361 669 643
Observations 2 (Low SES) 2376 2146 2096 2062 2146 1544 1957 1905 2011 1129 2146 2103

Note: This table presents the results of the search interventions on application outcomes. Columns 1-2 refer to an
indicator variable of application submitted and application length, Columns 3-6 refer to characteristics of the first
ranked school in the application, and Columns 7-10 refer to the second ranked school in the application. In Panel A,
we regress each outcome on indicator variables for both treatment arms, stratification dummies and baseline controls
selected by LASSO. In Panel B, we further include the fully interacted effects of treatments and SES status. SES status
is proxied by whether the mother completed college. Continuous outcomes are top-coded at the 99th percentile. The
sample is restricted to parents who opened the school explorer platform.
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FIGURE A.2.—Treatment effects of search intervention by baseline likelihood to search. Notes: This
figure plots the number of school pin clicks against the reported likelihood to search for additional
information on schools in the baseline survey, separately for control group (blue) and treatment group

1 (red) parents.

TABLE A.XI
TREATMENT EFFECTS OF SEARCH INTERVENTION BY BASELINE LIKELIHOOD TO SEARCH
Number of
Perceived Number of Schools Number of Pin Clicks Schools Enrolled School
Known
Highlight- Highlight-  AtLeastby  Highlight- Value .
All worthy All worthy Name worthy Added Distance
(1) @ ®3) 4 ) (6) ?) ®

Panel B: Heterogeneity by SES Status
Treatment 1 x Unlikely to Search 1.131%** 0.549**+* 1.732%** 0.767*** 0.076 -0.017 0.018 -0.244

(0.426) (0.177) (0.663) (0.283) (0.295) (0.029) (0.028) (0.375)
Treatment 1 x Likely to Search 0.589 0.368** -0.195 -0.172 0.347 0.003 -0.015 -0.077

(0.420) (0.173) (0.829) (0.346) (0.296) (0.030) (0.027) (0.376)
Treatment 2 x Unlikely to Search 0.781** 0.375** 0.413 0.455* -0.097 0.006 -0.029 -0.827**

(0.398) (0.168) (0.586) (0.260) (0.261) (0.028) (0.027) (0.338)
Treatment 2 x Likely to Search 0.519 0.234 -0.732 0.181 0.111 0.029 -0.005 -0.278

(0.433) (0.180) (0.777) (0.345) (0.287) (0.029) (0.027) (0.339)
p-value: Treat 1 x Unlikely to Search 0.364 0.467 0.070 0.036 0.517 0.641 0.400 0.755

= Treat 1 x Likely to Search
p-value: Treat 2 x Unlikely to Search 0.653 0.572 0.242 0.528 0.589 0.577 0.523 0.251
= Treat 2 x Likely to Search

Control Group Mean (Unlikely to Search) 5.652 1.870 6.054 2.694 3.657 0.681 0.161 2.297
Control Group Mean (Likely to Search) 6.851 1.992 9.761 4.154 4.000 0.684 0.204 2.337
Observations 1 (Unlikely to Search) 779 761 1460 1460 496 1126 1097 1251
Observations 2 (Likely to Search) 789 772 1456 1456 518 1132 1098 1241

Note: This table presents the results of the search interventions on beliefs (Columns 1-2), search (Columns 3-4),
knowledge (Column 5), and final school enrollment (Columns 6-8). In Panel A, we regress each outcome on indicator
variables for both treatment arms, stratification dummies and baseline controls selected by LASSO. In Panel B, we
further include the fully interacted effects of treatments and baseline likelihood to search. Likely to Search is a dummy
variable that is equal to one if the maximum of the stated likelihoods to either search for additional information on
(i) known or (ii) unknown schools at baseline is above the sample median. Continuous outcomes are top-coded at the
99th percentile. The sample is restricted to parents who opened the school explorer platform.
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TABLE A.XII
TREATMENT EFFECTS OF FEEDBACK INTERVENTION ON ASSIGNMENT AND ENROLLMENT OUTCOMES

Assignment Enrollment
. Assigned to .
Assigned to SO Enrolled in S
NOt Added Highlight- Assigned Highlight- Value Added Distance
Assigned worthy worthy
School School
School
® @ ® * [©) 6 @

Panel A: Pooled
Open Feedback 0.010 0.015* 0.010 -0.022 0.009 -0.039 0.676

(0.015) (0.008) (0.053) (0.031) (0.051) (0.050) (1.034)
Control Group Mean 0.062 0.005 0.605 0.796 0.592 0.172 3.676
Observations 2116 2116 2116 2066 2066 1818 2063
Panel B: Heterogeneity by Parental Education
Open Feedback x College Mother 0.029 0.014 0.028 0.024 0.028 -0.138* 2.079

(0.037) (0.009) (0.068) (0.055) (0.078) (0.067) (2.062)
Open Feedback x Non-College Mother 0.006 0.016* 0.002 -0.037 0.002 -0.012 0.281

(0.016) (0.009) (0.067) (0.040) (0.062) (0.055) (1.252)
p-value: Open Feedback x College Mother 0.584 0.887 0.789 0.409 0.783 0.079 0.479

= Open Feedback x Non-College Mother

Control Group Mean (College Mother) 0.086 0.000 0.605 0.755 0.597 0.249 3.382
Control Group Mean (Non-College Mother) 0.055 0.006 0.605 0.806 0.591 0.152 3.751
Observations 1 (College Mother) 460 460 460 440 440 396 438
Observations 2 (Non-College Mother) 1656 1656 1656 1626 1626 1422 1625

Note: This table presents the results of the feedback intervention on assignment and enrollment outcomes. In
Column 1 in Panel A, we regress the outcome on an indicator variable for whether the parent was assigned to the
feedback treatment group. In Columns 2-7 in Panel A, we regress each outcome on an indicator variable for whether
the respondent opened the feedback information instrumented by whether the parent was assigned to the feedback
treatment group. In Panel B, we further include the fully interacted effects of the treatment and SES status. All re-
gressions control for market fixed effects and application risk groups. SES status is proxied by whether the mother
completed college.

A.3. MODEL APPENDIX

Beliefs about match quality: Households in our model use Equation (13) for three
purposes: (1) to compute posterior means given their signal in the event 77;; =1
in order to form rank-order lists; (2) to form beliefs over the distribution of ¢ in
this case, which are relevant for the subjective expected benefit of increasing 7
from 1 to 2; and (3) to form beliefs over the distribution of ¢ and &! at schools j
with 77;;; = 0, in order to calculate the value of discovering more about currently
unknown (77 = 0) schools.

Applying the formula for Multivariate Normal conditional distributions, the

household’s posterior given its “low-information” (71, = 1) signal is:

(eiles + e) ~ N (i +pleg + e — 1), (1= )32, (16)
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where p = 62/ (62 4+ 67) denotes the subjective informativeness of the “low-
information” signal. From Equation (16) we have E(s,-]-|£l-]- +eij) = i+ p(eij +eij —
fi). Hence, for j with 7;;; = 1, household i believes e;j; ~ N(é}j, (1 —p)5?). Ob-
serve that this subjective belief is biased whenever i # 0. An analogous calcula-
tion shows that, for unknown schools j, households believe (unconditionally) that
e ~ N(f1,02) and £} ~ N(f, \/%)

To solve for the reduced-form parameters, we substitute the objective joint dis-

tribution into Equation (16), obtaining;:

E(eijleij +eij) | N Al —p) p% (07 + 07) po
€ij 0 ' ooz o))

A4. ESTIMATION APPENDIX

A.4.1. Identification and Estimation of Second-Stage Parameters
Identification and Estimation of Beliefs about Match Quality: The terms (fi, §,02,02) are

identified from the reduced-form parameters estimated in step 1. We have

ZE ZS _ﬁza,z
F=%5y, =, i=p'/(1-p), and azz%. (17)

To separately identify the subjective utility-shock variance &2 and subjective
measurement error variance &2 we need additional data. We use two baseline sur-
vey questions designed for this purpose. The first asks, if the parents were to dis-
cover an additional school with quality 4, zero price, and a distance of 2 kilometers
from their house, with what probability would they add it to the top two places
in their rank-order list. The second asks the same question, but the hypothetical
school’s characteristics are randomized: either it is made more expensive, or the
quality is reduced by an increment. We elicit probabilities in [0, 1].

To map these questions to the model, we use the household’s current state and
utility draws; we assume that the household is reporting the subjective probabil-
ity, denoted Pr(u > Ujp1), that this random school will give higher utility than the

second-highest currently known school, letting u;,; be the second-highest utility
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among known (77;;; > 0) schools at time ¢ = 1. For intuition, if households over-
estimate the variance of the shocks, they will tend to overestimate this probability
when 151 is high.

Letting (x,z) denote the hypothetical school’s characteristics, we have:
Pr(u > up|x,z,upy) =1 — ®(upy, i — z + XBY + xp + x7,5% + Z‘[Sf”),

where ®(a,u,0?) is the CDF of a Normal(y,¢?) distribution evaluated at a. The
terms xf and fo, ) come from the distribution of mean utilities . The remaining
terms come from substituting x, z, and the parameters of the subjective distribution
of € into expression (3), the expression for high-information subjective expected
utility.

Because we have two survey questions, we are able to account for measurement
error. For the two questions m = 1,2, we allow measurement error v""VeY&" ~

N(0,02,), iid across people and questions. Parents report
P, = max{0, min{1, I5r(u > Uin | Xim, 2, i1 ) + VSV ALY

To estimate, we first obtain estimates of (fi,§,0?,02) by substituting our first-
step estimates 3¢ and 1’ into Equation (17). Let fi, 5,062,572 denote these estimates.
With them in hand, as well as draws of u;,1 from our first-stage MCMC procedure,
we estimate the remaining parameters, and the variance of the measurement error,
by maximizing the likelihood of reported beliefs Igix subject to the constraint that
2 &2
Identification and Estimation of Beliefs about x: In modeling search decisions, the
relevant beliefs are over characteristics of unknown schools within 5 kilometers.
However, our survey questions elicit beliefs over the characteristics of all nearby
schools, known and unknown. Our approach is to assume that households may
probabilistically recall known schools—in which case they think of their subjective
perceptions of these schools’ characteristics—in addition to unknown schools. We

capture survey measurement error via imperfect recall of “known” schools, and by
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letting households stochastically draw a set of unknown schools given their beliefs
about the number of such schools and their characteristics.

In particular, households believe that there are NIknoWn not-yet-discovered
schools in their neighborhood at time ¢t. We assume Nﬁ“k“"w“ ~ Poisson()\}?tal),
where APl = pfotal 4 ptotal o (Ntrue £ 7, > 0} + ARk treaty + (NTUe — |{j:
Ttij > 0}|). The term treat;; is an indicator for having received search treatment 1 or
2 by time ¢t. This expression allows beliefs about the number of schools to respond
to the truth, and to allow our “search” treatments to provide information about it.

Survey s elicits the perceived number of schools by price-quality cell, Nl-ssLlrvey €
INK. We collect this data at baseline and midline.*” Let t;(s) denote the period in
which household i takes survey s.*® Let Nj; € NX denote the number of “known”
(ﬂijti(s) > 0) schools with perceived characteristics f;ii it equal to the value of the
kth cell.

We assume that households recall schools with probability p*"*V¢Y, indepen-
dently across schools. The number of reported “known” schools in cell k on survey

survey,known

s is therefore distributed N ~ Binomial(Njg, p°*™), independently

across k conditional on the set of known schools.
The number of reported “unknown” schools is distributed Nsurveyunknown total
Binomial (N i‘;“known, p?irveY). Conditional on this number, on survey s household i

reports Nsurvey,unknown ~ Dirichlet ( Nsurvey,unknown,total/ ‘Xit,- (s))

. surve surve ,unknown
On survey s, we observe household i’s report N Y = N, Y
Nsurvey,known

1s

+
schools. We estimate belief parameters and p*""V®Y by maximum like-
lihood given this data, integrating over draws of 7t and % obtained in our MCMC

procedure.

A.4.2. Step 1 Estimation Details

surve .
Let v is ¥ denote survey measurement error in 7’

ij on survey s. The household,

g = W+
)+ 1(”;}# Bha visjl;rvey > 1). Similarly, ef]-l;rvey denote measurement error
1

if asked about knowledge of j on survey s at time ¢;(s), reports 7t
survey

47In the baseline survey, we elicit the number of schools in each of the 16 cells. At midline, the partition
is coarser. See supplementary material for details.

“For the baseline survey, t;(s) = 1. The timing of the midline survey varies.
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on payoffs reported at t < T. Households rank schools that have 7t;; > 0 and u?.ij t
survey
1]t

the final rank-order list, which we take as reflecting the “true” preferences.

> 0 truthfully in order of u C 4 els;;rvey There is no measurement error on

We augment the data with random coefficients {«;, B;} for all i, match-level
2 x x 7'[ * esurvey survey survey survey} f()r all i and all

ij’ 1]’ ijr ijr Chij1s s ARG T Vi ’eijZ ’Vijl sty 1]T
j € Ji, and mean utilities and discoverabilities (J;,7;) for all j € J. In addition we

terms {u} T
track an indicator, 1(misreport x);;s, equal to 1 if household i reports £ with error
on survey s.

We first pick values of (1, 7*) consistent with reported rank-ordered lists. We
pick starting values for £, given our values 7*, setting £ equal to survey re-
sponses where possible.* We then construct feasible measurement-error terms
eSUIVeY ySUIVeY - zero if possible, that are consistent with (u,77*) and survey re-
sponses.

We then use a Gibbs sampler, iterating through the following steps:

Update &, B|x, 6,7, %%1

Update X%7|x,®, B6, 7,21

Update 6, 7|x, 1, %, Z‘Snﬁ, B, P

Update random coefficients in utility 7 given 2!, 412, x, hatx, '

Update random coefficients in information & given 7, x, z

Update X7¢|B7.

Update

Update £!, £2|x, 4,42, p", survey responses.

W 0 N oG N e

Update 1(misreport X);js|pr(misreport), £1, £2, £51vey,

—_
e

Update misreport-perceived-x probability pr(misreport)|1(misreport x).
2

—_
—_

. Update learning parameter p"|£!, £2, x

—_
N

. Update “distortion functions” I'(%|x) : %, x.
. Update Z¢|at, 42, B;,7,%,0
. Update X7|7, ..., 7T}, o, 17, al°

—_ =
=

15. Update linear information terms a*, a®|7t*, &, 1.

“1f both the midline and endline surveys take place for person i at time t = 3, and i reports different
values of £;; for some j in these two surveys, at least one of these must be due to survey measurement
error.
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16. Update linear utility terms ptl, ’y|ﬁl,z, x, 21, Bi, 0.
17. Update 71 given surveys, other variables, measurement error, ROLs.
18. Update t* given surveys, other variables, measurement error, 71, ROLs.
19. Update measurement-error terms eV given 11, ROLs.
20. Update v*""™V®Y given 7t*, survey responses.
21. Update variances of measurement-error terms agsurvey, Uﬁ/survey.

Updating linear parameters, variances, and covariance matrices are standard.

To describe how we update utilities, knowledge, and measurement errors on
these objects, we must first describe the constraints imposed by the data. To state
these constraints without special cases, we need the following notation: Let ¢;jr = 0
for all 7,j.°" Optimality of the observed rank-order lists require information, utili-
ties, and preference measurement error to satisfy the following constraints:

~TTijt

1. If j is not listed on the final rank-order list, then 1, i + ejjr < 0. This condition

5 €10,1) and ﬁ}] +ejjy <0, or 7, > 1 and 12;2] +

holds when either 7'(17ij <0,
eijr < 0.

2. If j is ranked rth on the final ROL, then ﬁ;r.fj/ + ejjry > ﬁZ-ij + ejjr > ﬁfo” + eijit
where j' is the school ranked (7 — 1)th and j” is the school ranked (r + 1)th,
provided that these exist.

(a) If j is ranked first, then let ﬁgfjl + ejjip = oo.
(b) If the ROL is of length r, so that j is the final option, then let ﬁgfﬂ + ejjny =
0.

If these conditions hold for t, we say that the latent variables are consistent with

rank-order lists at time ¢.

Measurements of awareness provide the following additional constraint. If we

elicit a measurement nf’;;rvey, onsurvey s € {1,2,3}, then we must have

survey
ijs =1

(n;ﬁjti(s) + Vijs > O) + 1(7T;<jt1'(s) + Vijs > 1), (18)

where t;(s) is the time at which i takes survey s.

YWe have measurement error e;j; on baseline surveyed preferences, and on the preferences underlying
the “just-before feedback” ROL, if any, that households submit at time t = 2, but not on final rank-
order lists.
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To update 7t*, we loop through each (i,],t), updating 7t;j; conditional on the
other elements of 71; and the other variables. Conditional on n;‘j,_t, the variable
7y is normally distributed, with the mean and variance given by the (standard)
formula. n;"j ; is drawn from a normal distribution subject to optimality and survey-
measurement constraints described above. Equivalently:
¢ If the high-information utility ﬁlz] + ejjt is not consistent with rank-order lists
at time t, then n;‘jt < 1.

¢ [f the low-information utility ﬁ}] + e is not consistent with rank-order lists at
time £, then 717, ¢ [0,1).

¢ [f the no-information utility ﬁ?j + ejj is not consistent with rank-order lists at
time ¢, then 777, ¢ [0,1).

. su
o [If there is a measurement 7t;.

z]srvey then 77, ., + ejjs must satisfy equation 18,

ijti(s)
imposing upper and/or lower bounds on 7

it (s)
Constraints on utilities 71 and on measurement-error terms are analogous.

We use 5000 iterations, throwing out the first 2500 as burn-in. We choose rel-
atively uninformative conjugate priors: variances are Gamma(1l,1), regression
coefficients and means are N(0,100), and covariance matrices of size (k, k) are
IW(k+1,I).

To compute draws of latent variables at point estimates, we iterate through a
similar Gibbs sampler, holding parameters fixed at their means along the chain es-
timated above, updating latent utilities, information 77*, measurement-error terms,

x’s, and random coefficients.

A5. ADDITIONAL MODEL ESTIMATES

In this section, we present additional results from the model estimates and coun-
terfactuals. Table A.XIII presents additional model parameters that describe par-
ents” information and preferences. These parameters are estimated in the first step
of the estimation procedure. Panel A shows the variance-covariance matrix of the
subjective and true individual utility shocks. Panels B and E show the distortion
functions for quality and price. Panel C shows the variance-covariance matrix for
the individual information shocks over time. Panel D shows the random coeffi-

cients for the time effects (periods t = 1,2,3) over 7r. Panel F shows the coefficients
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for the knowledge shifters, and Panel G shows the estimated measurement error
for our surveys. Finally, we report the probability of misreporting the subjective
x’s in the survey.

Table A.XIV presents additional model parameters that describe parents’ beliefs
and search behavior. We first report the mean estimated probability of each of the
three latent types that define the heterogeneity in the Dirichlet parameters A;;. We
also report the search technology parameters, which describe the probability of
finding certain schools based on the school characteristics and our interventions.
Finally, we present the unobserved match value shock primitives.

Figure A.3 shows the estimates for each school’s unobservables, the mean utility,
and “discoverability”. Consistent with the positive discoverability-mean utility co-
variance parameter shown in Table IV, there is a clear correlation between schools
that families prefer more (higher mean utility) and the ones that they are more
likely to know (higher discoverability).

Figure A.4 shows the estimated distortion functions. Each panel shows the prob-
ability distribution of the perceived values for a school attribute (quality or price),
conditional on the true value. Panels (A) and (B) show the distortion functions for
low SES families, and panels (C) and (D) show the distortion functions for high
SES families.

Figure A.5a shows the distribution of the deterministic component of the single
click cost (xf’yCOSt), and Figure A.5b shows the distribution of the ratio of the value
of the first search over the cost of the first search.

Figure A.6 shows the model fit on a series of expected school characteristics,
behavior, and latent variables.

Figure A.XVI and Figure A.XV show the simulated counterfactuals separating
by high and low SES families. Figure A.7 shows the distributional effects of a sub-
set of the counterfactuals, relative to the base simulation.

Finally, Figure A.XVII presents a sequence of counterfactuals starting from the
better search scenario in which we gradually reduce the search costs up to 5% of

the original value.
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TABLE A.XIII
ADDITIONAL PARAMETERS: INFORMATION AND PREFERENCES

Low SES High SES Low SES High SES
Param. Coeff. Std Err. Coeff. Std Err. Param. Coeff. Std Err. Coeff. Std Err.

Panel A: Variance Covariance of Subjective and True Shocks (£e) ~ Panel B: Distortion Function - Quality ( T quality)
1 1 0.190 (0.026) 0.880 (0.153) True  Subjective

2 0.045 (0.009) 0.189 (0.020) 1 0.127 (0.028) 0.129 (0.079)
1 2 0.375 (0.055) 0.449 (0.115)
2 2 0618 (0.057) 1414 (0.149) 3 0415 (0.051) 0.358 (0.117)
4 0.083 (0.015) 0.063 (0.048)
Panel C: Variance Covariance of shocks v;j; over time () 1 0.024 (0.007) 0.051 (0.026)
1" 0359 (0.125) 0209 (0.007) ) 2 0.323 (0.031) 0.449 (0.038)
1 2 -0.210 (0.079) -0.165 ( 0.009) 3 0.533 (0.033) 0.458 (0.027)
3 -0.09 (0.039) -0.121 (0.013) 4 0.121 (0.009) 0.042 (0.021)
5 2 0.387 (0.140) 0.352 (0.018) 1 0.001 (0.001) 0.009 (0.005)
3 0319 (0.120) 0314 (0.020) 3 2 0.112 (0.018) 0.186 (0.021)
3 0.592 (0.021) 0.613 (0.015)
3 3 0569 (0.197) 0584 (0.034) 4 0.295 (0.015) 0.192 (0.022)
Panel D: Random Coefficients of time effects (Xrcrr) 1 0.002 (0.001) 0.007 (0.005)
1 0.485 (0.067) 0.529 (0.054) 2 0.059 (0.016) 0.075 (0.019)
1 2 0.057 (0.057) -0.190 (0.052) 4 3 0.437 (0.029) 0.426 (0.036)
3 -0.027 (0.009) 0.020 (0.008) 4 0.502 (0.026) 0.492 (0.031)
5 2 2.113 (0.278) 2.556 (0.267) Panel E: Distortion Function - Price (T price)
3 -0.142 (0.028) -0.155 (0.038) True  Subjective
1 0.594 (0.014) 0.657 (0.028)
3 3 0.015 (0.003) 0.020 (0.004) 1 2 0.396 (0.014) 0.325 (0.026)
3 0.009 (0.003) 0.018 (0.009)
Panel F: Knowledge Shifters (azw) 4 0.000 (0.000) 0.001 (0.001)
At least 2 ap 1096 (0.081) 0.928 (0.179)
At least t1 ap  -0.208 (0.046) -0.129 (0.026) 1 0.106 (0.021) 0.110 (0.047)
Distance a.  -0.146 (0.029) -0.116 (0.018) ) 2 0.782 (0.027) 0.674 (0.052)
Treatment 1 Qg 0.139 (0.121) 0.448 (0.128) 3 0.111 (0.026) 0.205 (0.034)
Treatment 2 ap 0195 (0.060) 0.198 (0.237) 4 0.001 (0.001) 0.011 (0.004)
Highlight-worthy Qg 0.362 (0.102) 0.258 (0.048)
Highlighted oy -0.248 (0.052) -0.065 (0.071) 1 0.037 (0.015) 0.035 (0.023)
Single Click ap 0933 (0.180) 0.433 (0.059) 3 2 0.483 (0.031) 0.337 (0.050)
Double Click gy 1.369 (0.228) 0.772 (0.072) 3 0.474 (0.026) 0.600 (0.041)
Feedback o -0.699 (0.155) -0.612 (0.172) 4 0.006 (0.003) 0.028 (0.019)
Feedback Pre Qg 0.066 (0.057) 0.036 (0.063)
Feedback Known  a,  1.126 (0.154) 0986 (0.161) 1 0.084 (0.037) 0.031 (0.029)
Feedback Rec oy -0.034 (0.181) 0.241 (0.185) 4 2 0.289 (0.049) 0.049 (0.045)
3 0.540 (0.058) 0.616 (0.071)
Panel G: Measurement Error 4 0.087 (0.036) 0.304 (0.070)

Base Survey Utility o2 0.115 (0.012) 0.018 (0.029)

Survey Awareness (7,?5 0.385 (0.119) 0.017 (0.003)

Pr(misreport x’s) r° 0.219 (0.019) 0.207 (0.039)

Note: This table presents additional estimates from step 1 of the model.
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TABLE A.XIV
ADDITIONAL PARAMETERS: BELIEFS AND SEARCH COSTS

Low SES High SES
Parameter Coeff Std Err. Coeff Std Err.
Mean Prob of each type
A Type 1 0.614 - 0.654 -
A Type 2 0.329 - 0.251 -
A Type 3 0.057 - 0.095 -
Search Technology (7 click)
Distance 1 -1.294 (0.040) -1.072 (0.059)
Price=1 2 -0.175 (0.089) -0.215 (0.095)
Price =2 3 -0.022 (0.109) -0.048 (0.102)
Price =3 4 0.162 (0.102) 0.193 (0.064)
Price =4 5 0.035 (0.132) 0.069 (0.150)
Quality =1 6 -0.193 (0.084) -0.212 (0.098)
Quality =2 7 -0.147 (0.095) -0.066 (0.079)
Quality =3 8 0.027 (0.088) -0.023 (0.094)
Quality = 4 9 0.312 (0.089) 0.301 (0.083)
Highlightworthy 10 -0.048 (0.192) 0.089 (0.139)
Highlightworthy x Treat 2 11 0.340 (0.071) 0.200 (0.076)
Double Click (6 cost)
Mean Cost 1.768 (0.540) 0.692 (0.134)
Log-Variance 0.555 (0.471) -0.529 (0.284)
Match Value Shocks ¢;; Primitives
Unobserved match-value shock ji -0.445 (0.047) -0.683 (0.096)
0 3.316 (0.549) 2.221 (0.557)
o 0.786 (0.044) 1.189 (0.097)

Note: This table presents additional estimates from step 2 of the model.

ar i

All Schools All Schools
Highlight - Worthy Highlight - Worthy

Mean Utility (6)
Mean Utility (6)

0 1 2 3 —1 0 1 2 3
Discoverability () Discoverability (n)

(a) Low SES (b) High SES

FIGURE A.3.—Estimates of school unobservables. Notes: Each panel shows the estimated discover-
ability (X-axis) and the estimated mean utility (Y-axis) for each school. The left panel shows the esti-
mates for low SES-families, and the right panel for high-SES families. The “highlight-worthy” schools
are shown as white circles.
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2
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(0.010) 0010) | P (0.018)  (0.016) (0.041)
0001 0.002 1 0.106 0037 0.084
(0.001) (0.001) (0.009) (0.008) (0.027)
3 4 1 2 3 4
True True

(a) Quality Low SES  (b) Price Low SES

4 0.063 0.042 0.192 0.492 4 0.001 0.011 0.028 0304
(0.022) (0.012) (0.012) (0.039) ‘ (0.000) (0.008) (0.014) (0.062)
v3 0.358 0.458 0426 o 3 0.018 0.205
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2 2
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1 0.129 0.051 0.009 0.007 1 0.110 0.035 .031
(0.064) (0.026) (0.006) (0.005) (0.026) (0.015) (0.027)
1 2 3 4 1 2 3 4
True True

(c) Quality High SES  (d) Price High SES

FIGURE A.4.—Distortion Functions. Notes: Each panel shows estimated distortion functions for
school attributes. Panels (A) and (B) show the estimates for low SES families, and Panels (C) and (D)
for high SES families. Panels (A) and (C) show the quality distortion functions, and Panels (B) and (D)

show the price distortion function.
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FIGURE A.5.—Panel (a) shows the distribution of the deterministic component of the single click cost
(xf'yCOSt). Panel (b) shows the distribution of the ratio of the value of the first search over the cost of the

first search.
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FIGURE A.6.—Model Fit. Panel (a) shows the model fit of school attributes (welfare, placement, and
quality). Panel (b) shows the model fit of value-added, distance, and price. Panel (c) shows the model fit
of utility of high information, information index initial, and information index final. Panel (d) shows the
model fit of double click, information index shock and the deterministic component of the information

index.



SEARCH AND BIASED BELIEFS IN EDUCATION MARKETS 23

TABLE A. XV
MAIN RESULTS FOR Low SES HOUSEHOLDS
Welfare Placement Expected School Characteristics Search (N.Clicks)
Place  E(rank) Distance Price  Quality VA Single  Double  V(1st)
Gains from Full Information
(1) Full model baseline 0.450 0.744 1.386 1.554 1.241 2.969 0.129 3.403 0.975 0.677
(0.021) (0.007) (0.011) (0.031) (0.011) (0.012) (0.007) (0.120) (0.037) (0.005)
(2) Full information 1.224 0.840 1.552 1.603 1.371 3.193 0.217 - - -
(0.018) (0.006) (0.013) (0.030) (0.014) (0.012) (0.007) - - -
(3)  Gains (difference (2)-(1)) 0774 009 0166 0049 0130 0224  0.088 - - -
(0.028) (0009 (0.017) (0.043) (0.018) (0.017) (0.010) - - -
(% Change) 172.00% 12.90% 11.98%  3.15%  1048%  7.54%  68.22% - - -
Decomposition: sequential correction of beliefs and misperceptions
(4) Better Search (S*) 0.655 0.775 1.411 1.541 1.263 3.030 0.149 5.152 - 0.859
(0.021) (0.007) (0.011) (0.031) (0.012) (0.012) (0.007) (0.142) - (0.007)
(5) 4) +x 0.940 0.714 1.437 1.491 1.331 3.181 0.213 5177 - 0.849
(0.017) (0.007) (0.011) (0.030) (0.014) (0.012) (0.007) (0.142) - (0.007)
(6) (5) +f(x) 0.938 0.713 1.437 1.490 1.329 3.180 0.212 5.142 - 0.852
(0.017)  (0.007) (0.011) (0.030) (0.014) (0.012) (0.007) (0.141) - (0.007)
7) 6) +r 0.941 0.715 1.438 1.490 1.330 3.182 0.213 5.202 - 0.894
(0.017)  (0.007) (0.011) (0.030) (0.014) (0.012) (0.007) (0.145) - (0.007)
® @) +fle) 0940 0739 1459 1518 1334 3184 0214 5028 - 0.586
(0.017) (0.007) (0.011) (0.030) (0.014) (0.012) (0.007) (0.139) - (0.586)
) (8) +¢ 1.013 0.754 1.461 1.533 1.328 3.173 0.208 5.023 - 0.535
(0.017) (0.007) (0.011) (0.029) (0.013) (0.012) (0.007) (0.139) - (0.005)
Misspecified models
(10) No mispercept. of x (£ = x)
(Gains in outcomes relative to baseline) ~ 0.473 0.175 0.095 0.021 0.003 -0.028  -0.020 - - -
(Gains in S§* relative to baseline) 0.115 0.059 0.011 -0.062 -0.003 -0.006 -0.007 1.832 - 0.067
(Gains in (9) relative to baseline) 0.245 0.099 0.038 -0.034 -0.005 -0.018 -0.013 1.800 - 0.014
(11) No mispercept. of x, e if 71 >0
(Gains in outcomes relative to baseline)  0.135 0.058 0.020 0.018 0.003 -0.007 -0.008 - - -
Note: This table presents the counterfactuals for Low SES. Columns: Welfare: EU according to fully informed

payoffs. Place: probability of placement. (E(rank)Distance,Price,Quality, VA): avg. (rank of placed school within
ROL,distance,price,quality,school value added (in student-level SD)), conditional on placement. (Single, Double,
V(1st)): number of single clicks, double clicks, and value of the first pin click. Rows are as follows. Full model
baseline: includes all possible misperceptions and biases. Full information: Ui > 1 for all (i, ]), and £ = x. Gains:
difference in outcomes between full information and baseline. Decomposition: sequential correction of beliefs and
misperceptions. Better search (S*): search is perfectly informative. S* 4 x: 5*+ provides full information about
price and quality of known schools. S* + x + f(x): §* + x+ correct distribution of school characteristics of un-
known schools. $* + x + f(x) + r: §* + x + f(x)+ correct misperceptions about rejection chances at known schools.
S*+ x4 f(x)+7r+ f(e): S* + x + f(x) 4+ r+ correct beliefs about the distribution of match value shocks of unknown
schools. S* + x + f(x) +r+e+ f(e): S* + x + f(x) + r + e+ correct misperceptions about the match value shocks
of known schools. No mispercept. of x: gains from misspecified model assuming Rijr = xjj relative to baseline. No
mispercept. of x, e if 77 > 0: gains in misspecified model assuming %;j; = x;; and perfect learning for all schools with
i > 0 relative to baseline (as in data)



24

TABLE A.XVI
MAIN RESULTS FOR HIGH SES HOUSEHOLDS

Welfare Placement Expected School Characteristics Search (N.Clicks)

Place  E(rank) Distance Price  Quality VA Single  Double  V(1st)

Gains from Full Information

(1) Full model baseline 0853 0687 1583 1741 1539  3.092 0177 4797 1344 0229
(0.041) (0.013) (0.024) (0.059) (0.028) (0.020) (0.012) (0.257) (0.077) (0.005)
(@  Full information 1591 0860 1798  1.812 1527 3199 0210 - - -
(0.038) (0.009) (0.031) (0.057) (0.028) (0.020) (0.011) - - -
()  Gains (difference (2)-(1)) 0738 0173 0215 0071 -0012 0107  0.033 - - -
(0.056) (0.016) (0.039) (0.082) (0.040) (0.028) (0.016) - - -
(% Change) 86.52% 25.18% 1358%  4.08%  -078%  346%  18.64% - - -

Decomposition: sequential correction of beliefs and misperceptions

(4)  Better Search (S*) 1.091 0753 1615 1685 1525 3125 0185  6.658 - 0415
(0.041) (0.012) (0.025) (0.057) (0.028) (0.020) (0.012) (0.299) - (0.008)
G) @) +x 1217 0736 1627 1673 1534 3194 0211 6585 - 0.403
(0.038) (0.012) (0.025) (0.056) (0.029) (0.019) (0.011) (0.296) - (0.008)
© 6 +flx) 1221 0737 1626  1.669 1532 3191 0209  6.626 - 0.406
(0.038) (0.012) (0.025) (0.056) (0.029) (0.020) (0.011) (0.299) - (0.008)
@ (6) +r 1221 0736 1626 1671 1532 3191 0208 6704 - 0411
(0.038) (0.012) (0.025) (0.056) (0.029) (0.020) (0.011) (0.299) - (0.008)
® @) +fle) 1203 0764 1660 1702 1533 3188 0207 6536 - 0336
(0.040) (0.012) (0.026) (0.056) (0.029) (0.020) (0.011) (0.294) - (0.336)
©  ©) +e 1341 0773 1668 1734 1533  3.188 0208 6284 - 0.249
(0.037) (0.012) (0.026) (0.056) (0.028) (0.019) (0.011) (0.286) - (0.007)

Misspecified models

(10) No mispercept. of x (£ = x)
(Gains in outcomes relative to baseline)  0.673 0.181 0.154 0.042 -0.042 -0.041 -0.029 - -
(Gains in S§* relative to baseline) 0.193 0.064 0.021 -0.079 -0.020 -0.015 -0.012 1.770 - 0.143
(Gains in (9) relative to baseline) 0.389 0.100 0.058 -0.021 -0.028  -0.024  -0.017 1.537 - 0.033

(11) No mispercept. of x, e if 71 >0
(Gains in outcomes relative to baseline)  0.151 0.058 0.050 0.005 -0.004 -0.004 -0.005 - - -

Note: This table presents the counterfactuals for High SES. Columns: Welfare: EU according to fully informed
payoffs. Place: probability of placement. (E(rank)Distance,Price,Quality, VA): avg. (rank of placed school within
ROL,distance,price,quality,school value added (in student-level SD)), conditional on placement. (Single, Double,
V(1st)): number of single clicks, double clicks, and value of the first pin click. Rows are as follows. Full model
baseline: includes all possible misperceptions and biases. Full information: Ui > 1 for all (i, ]), and £ = x. Gains:
difference in outcomes between full information and baseline. Decomposition: sequential correction of beliefs and
misperceptions. Better search (S*): search is perfectly informative. S* 4 x: 5*+ provides full information about
price and quality of known schools. S* + x + f(x): §* + x+ correct distribution of school characteristics of un-
known schools. $* + x + f(x) + r: §* + x + f(x)+ correct misperceptions about rejection chances at known schools.
S*+ x4 f(x)+7r+ f(e): S* + x + f(x) 4+ r+ correct beliefs about the distribution of match value shocks of unknown
schools. S* + x + f(x) +r+e+ f(e): S* + x + f(x) + r + e+ correct misperceptions about the match value shocks
of known schools. No mispercept. of x: gains from misspecified model assuming Rijr = xjj relative to baseline. No
mispercept. of x, e if 77 > 0: gains in misspecified model assuming %;j; = x;; and perfect learning for all schools with
i > 0 relative to baseline (as in data)
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FIGURE A.7.—Distributional effects of counterfactual policies. Notes: This figure displays hetero-
geneity in the effects of the counterfactual policies described in Table V on a subset of the outcomes.
Each panel displays the mean and distribution of individual-level changes in welfare, placement, qual-
ity, value-added of the school placed, single click, and value of 1st search for both low SES and high
SES parents. The mean is represented by a dark line and the distribution by a bar with different shades.
The dark center contains percentiles 25 to 75(50% of the students). The slightly lighter area contains
percentiles 10 to 25 and 75 to 90 (30% of the students). The next area contains percentiles 5 to 10 and 90
to 95 (10% of the students).

TABLE A.XVII
SEARCH COST REDUCTION COUNTERFACTUAL

Welfare Placement E(School Charact) Search (N.Clicks)
Place E(rank) Quality VA Single Double V(1st)
(1) Better Search 100% 0.753 0.770 1.456 3.051 0.157 5.490 - -
(0.019) (0.006) (0.010) (0.010) (0.006) (0.129) - -
() Better Search 80% 0.756 0.771 1.456 3.052 0.158 5.580 - -
(0.019) (0.006) (0.010) (0.010) (0.006) (0.131) - -
3) Better Search 60% 0.761 0.772 1.460 3.053 0.157 5.727 - -
(0.019) (0.006) (0.010) (0.010) (0.006) (0.133) - -
(4) Better Search 40% 0.771 0.774 1.462 3.054 0.158 6.097 - -
(0.019) (0.006) (0.010) (0.010) (0.006) (0.141) - -
(5) Better Search 20% 0.811 0.782 1.473 3.062 0.161 7.414 - -
(0.019) (0.006) (0.010) (0.010) (0.006) (0.167) - -
6) Better Search 10% 0.889 0.797 1.494 3.081 0.169 10.945 - -
(0.019) (0.005) (0.011) (0.010) (0.006) (0.238) - -
7) Better Search 5% 1.028 0.819 1.532 3.112 0.181 20.030 - -
(0.019) (0.005) (0.011) (0.010) (0.006) (0.396) - -

Note: This table presents additional counterfactuals from the model.
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SUPPLEMENTARY MATERIAL
S.1. ADDITIONAL INFORMATION ON THE SCHOOL CHOICE SYSTEM IN CHILE

We conduct our intervention within the Chilean School Admission System
(SAE). The SAE is a centralized system that allows students to apply to multiple
schools, and rank them in order of preference. The SAE is administered by the Min-
istry of Education (Mineduc), and is the main mechanism for assigning students
to schools in Chile.

There are three types of educational provisions in Chile: public schools owned
and managed by the state mainly through municipalities, privately owned and
managed schools subsidized by the state (voucher schools), and private schools
owned and managed by the private sector. Voucher schools account for 55.58% of
the total enrollment, and can charge out-of-pocket fees while receiving subsidies
for each student, depending on the grade.”® If a voucher school holds a Subvencién
Escolar Preferencial (SEP) agreement, students from low socioeconomic status that
enroll carry a larger subsidy but do not pay any fee (for more details, see Neilson
(2021)).52

Chile holds a student-proposed deferred acceptance system for centralized as-
signment. On a single nationwide online platform, parents with children from all
levels, from Pre-K to 12th grade, apply to public and voucher schools. Almost
all public and voucher schools participate in the platform. Off-platform options
consist of fully private schools in all grades, as well as some publicly-funded
preschools which may offer Kindergarten and/or 1st grade. In addition, there are a
handful of schools in specialized settings such as hospitals, and schools exclusively
for students with disabilities, which do not participate. For a detailed description
of how the school admission system is implemented, see Correa et al. (2019).

There are three main stages in the SAE: the regular stage, the complementary

stage, and the aftermarket:

51In 2015, the School Inclusion Law froze the co-payment, which will gradually fade out while subsi-
dized funds increase.

52Note that low socioeconomic status for voucher eligibility is different from what we refer as low
socioeconomic status in this paper (i.e. non-college educated mothers).



* Main application stage: The SAE application platform receives applications
for roughly one month starting in early August. Parents may list as many
schools as they like, in any order. There is no constraint on list length. Parents
can update their application as often as they like during this stage. We focus
on this stage in this paper.

* Main assignment stage: The SAE assigns students to schools based on their
preferences and the priorities and quotas established by the Ministry of Ed-
ucation. Parents are notified of the results, and have a few days to accept or
reject the assignment. Students who are not assigned or reject their assignment
can participate in the complementary stage.

¢ Complementary stage: The process is the same as the main stage, but only
schools with remaining vacancies are available. The platform receives appli-
cations for roughly one week during November.

¢ Final results and aftermarket: Final results are announced in early Decem-
ber. Parents assigned through the complementary process decide whether to
accept or reject their assignment. Unassigned students are assigned to a de-
fault school, which is the closest school to their home with available slots that
is not in the “insufficient” quality category. From late December to early Jan-
uary parents can enroll in their assigned school. After this period, students
may change schools by enrolling in undersubscribed schools. This process is
decentralized.

In 2021, 207,578 students applied to entry grades. Out of these students, 71%
enrolled in the school that was assigned to them in the regular SAE process, 3%
enrolled in the school that was assigned to them in the complementary process, 3%
of students don’t enroll in a school for 2022 and 13% enrolled in a school through
the aftermarket for schools with SAE slots. The remaining 2% of students enrolled
in private schools, and 7% of students enroll in a public or voucher option that

didn’t participate in SAE.
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S.2. ADDITIONAL INFORMATION ON THE SCHOOL QUALITY CATEGORIES

Our quality measure comes from the Education Quality Agency (Agencia de
Calidad de la Educacién), which classifies schools into four categories (high,
medium, medium-low, and insufficient performance). > The categories are based
on a continuous performance score that uses the distribution of students in learn-
ing levels, indicators of personal development, and results from the SIMCE test,
adjusted for student characteristics at the school level. Figure S.1a plots the dis-
tribution of the performance score. The different colors indicate the four discrete
quality categories. The quality categories are not only based on different cutoff
points of the performance score but also use additional criteria (such as the per-
formance of selected student groups), resulting in an overlap of the performance
score across quality categories.

Figure S.1b shows that the continuous performance score is highly correlated
with the school value added measure. In our baseline survey, 95% of parents
also reported that obtaining information on a school from the Education Quality

Agency is a necessary step for them before adding a school to their application.

53We use the following criteria for these categories: High = 4, Medium = 3, Medium-Low = 2, Insuffi-
cient = 1. The mean quality category is 2.79 with standard deviation of 0.76
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S.3. ADDITIONAL INFORMATION ON DATA COLLECTION AND SCHOOL
EXPLORER PLATFORM

Surveys: All sample parents were invited to complete four rounds of surveys. Table

S.I summarizes the timing and content of each survey round.

School Explorer: All sample parents received access to a school explorer platform
that was developed by an EdTech NGO. Parents could use the explorer to learn
about the characteristics of schools in their neighborhood. Figure S.2 shows the po-
tential search path of a parent in the control group or in the first treatment group.
After receiving an initial set of instructions, parents see a map of schools around
their home, which is indicated by the red pin on the map (Panel A). Each primary
school is shown as a grey circle on the map. By clicking on one of the circles, a
popup with basic information on the school is shown, including the distance to
the parent’s home, the quality, the price, and the admission probability (Panel B).
Parents can then click again to view a detailed profile of the school, which contains
additional information like the availability of infrastructure or a virtual tour of the

school (Panels C-D). Figure S.3 plots explorer usage patterns over time.

54For parents in the second treatment group, schools that are free and have high quality are highlighted
in green. For more information on the difference between the treatment groups, see section S.4 in the
supplementary material.



TABLE S.1
SUMMARY OF SURVEYS
Survey Sections Questions
Registration Form Respondent SEP belief. Number of children
I\N/I: 123’721 12 Student Roster/Info Student contact information. Mother education. Interest to ap-
ay 25-Ju ply to SAE
Map + Beliefs Address. Distribution of schools in neighborhood
Baseline Awareness Knowledge level (know by name, know well, don’t know) of 8
N = 3,948 random schools within 2km (2 fake)
Jul7-Jul 16 P . , Perceived price and academic performance of: (a) 1st ranked,
erceptions (x’s) (b) random school in application, (c) random known school not
in application.
Perceived admission chance of 1st ranked school
Belief Distribution of school characteristics in neighborhood (2kms
cliets around their house): (a) number of schools, (b) number of
schools in each performance category (x4), (c) number of
schools in each performance category-price cell (x16)
ROL Partial ROL (ranking to date).
Perception on overall non placement risk of application.
Other Questions
Own priority perception Perception on whether their child is elegible for SEP.
Parent staff priority in the application
Search behavior Probability of engaging in search and adding schools to appli-
cation
Midline Awareness Knowledge level of 4 schools not known in baseline (1 fake)
N =1,669

Aug 24 - Oct 25

Endline
N =540
Oct 21 - Oct 25

Perceptions (xs)
Beliefs

Other Questions
Explorer Usage
Application + Report Card

Awareness

Perception (x’s)

Beliefs

Other Questions

Behavior

Siblings

Perceived price, academic performance and admission chances
for up to 5 schools

Final ROL (final ranking). Distribution of school characteristics
in neighborhood (2kms around their house)

Satisfaction with explorer. Was able to find new schools.

If applied to SAE. Satisfaction with report card, if changed
application after report card

Knowledge level of 5 random schools (1 fake) + top 5 schools
in application.

Perceived academic perfomance + price of top 4 schools in
application. Perceived admission chance of top 3 schools in

application. Perceived academic performance of 5 random
schools (1 fake).

Distribution of schools in neighborhood. SEP belief. Risk of
application

Was report card useful and for what purpose. Likelihood
of adding a school.

Siblings application, likelihood of rejecting assignment based
on siblings

Note: This table presents a description of all surveys used in this study. SEP belief refers to the perceived eligibility
for school vouchers. Distribution of schools in neighborhood refers to questions about the number of schools in each
price and academic performance category, and the number of schools with primary education within 2km from the
respondent’s home. There are three knowledge levels of schools: I don’t know it; know it by name; know it well. The
midline survey was implemented through a call center. All other surveys were done through an online questionnaire
distributed via email and WhatsApp.
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FIGURE S.2.—Example search path. This figure shows the potential search path of a parent in the
control or first treatment arm.

15,000

10,000

School Pin Clicks

5,000

T T T
August 8th 2021 August 18th 2021 August 28th 2021

FIGURE S.3.—Search timing. Notes: This figure shows the timing of the search process. Access to the
explorer platform was granted on August 5th and school applications closed on September 8th. Over
95% of school pin clicks occurred in the first two weeks.



S.4. ADDITIONAL INFORMATION ON SEARCH AID INTERVENTION

Recruitment: In total, 33,341 parents across approximately 2,700 kindergartens re-
ceived the survey invitation. 13,721 of these parents (41%) completed the registra-
tion and pre-baseline form. Among parents who completed the pre-baseline form
9,062 parents (66%) met the eligibility criteria of the study. All eligible parents re-
ceived then an invitation to the baseline survey, which was completed by 3,948
parents (43%).

Randomization: Eligible parents who completed the baseline survey were randomly
assigned to one of three treatment arms. We later excluded 14 parents from the
sample who were part of the research pilot. The randomization was done sepa-
rately for parents who met the following three conditions: no older siblings, at
least five primary schools within two kilometers of the home, and at least one
highlight-worthy school within two kilometers of the home. Within both samples,
we also stratified by region. For larger regions, we further stratified by perceived
SEP status at baseline and maternal education. Tables S.II and S.III show balance

checks separately for high and low SES households.

Intervention Details: Figures S.4 to S.7 show example screenshots of the information
that was shown to parents as part of the search aid interventions. In this example,
the household has access to 18 schools in total within 2km of the home (Figure S.4).
Seven of these schools cost less than 50k CLP per month and seven schools have
medium or high quality. The fourth panel shows the joint distribution, indicating
that there are five highlight-worthy schools, defined as schools that cost less than
50k CLP per month and have at least medium quality. The second treatment group
received the same information but was additionally shown where these schools are
located on the map (Figure S.5). Both treatment groups further received a detailed
table that shows the distribution of schools in each price and quality category (Fig-
ure S.6). The control group also received the school explorer platform but did not
receive any information about the distribution of schools or their characteristics.
After this information, parents entered the main part of the school explorer plat-

form that allowed them to click on individual schools to obtain additional informa-
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tion. While all schools on the map were shown in grey for control and treatment
group 1 parents, highlight-worthy schools were shown in green on the map for

treatment group 2 parents (Figure S.7).

TABLE S.II
BALANCE CHECKS FOR SEARCH INTERVENTIONS FOR HIGH SES HOUSEHOLDS

Control Treatment 1 Treatment 2

Mean  St.Dev. Coeff. St.Err. Coeff. St.Err. N
(1) 2 3) @ ®) ©® @

Panel A: Choice Environment
Number of available schools 15512  [7.894] 0.124 (0.550) -0.459 (0.578) 888
Number of available highlight-worthy schools 8.491 [4.526] 0.166 (0.345) -0.075 (0.348) 888

Panel B: Parent/Child Characteristics

Child is female 0453  [0.499] 0040 (0.041) 0061 (0.043) 888
Child’s birthyear 2017.087 [0.543] -0.014 (0.046) 0.030 (0.046) 888
Number of younger siblings 1.163 [0.397] 0.019 (0.033) 0.033 (0.036) 888
Child has a disability (belief) 0.085 [0.279] -0.019 (0.022) -0.022 (0.023) 818
Parent works in a school 0.211 [0.409] -0.047 (0.032) -0.082 (0.031) 884
SEP household 0.161 [0.368] 0.003 (0.023) -0.001 (0.023) 879

Panel C: Initial Knowlege and Beliefs

Expected satisfaction with process 5.037 [1.403] 0.121 (0.128) 0.135 (0.128) 828
Listed any school as first preference 0.917 [0.276] -0.022 (0.025) -0.001 (0.024) 888
First-preference school is highlight-worthy 0.517 [0.501] -0.022 (0.047) 0.094 (0.048) 700
Perceived admission change for first-preference school 0.679 [0.284] 0.013 (0.024) 0.028 (0.024) 828
Number of schools known by name 3.391 [2.735] -0.103 (0.224) 0.115 (0.231) 888
Number of schools known well 2.028 [2.173] -0.050 (0.175) -0.024 (0.185) 888
Perceived number of available schools 7.758 [6.426] 0.873 (0.571) -0.101 (0.524) 888
Perceived number of available highlight-worthy schools  3.339 [3.102] 0.699** (0.301) 0.372** (0.270) 888
Parent believed to be SEP eligible 0.104 [0.306] 0.016 (0.027) 0.016 (0.028) 888
SEP did not know about SEP status 0.654 [0.477] -0.057 (0.040) 0.021 (0.040) 888
Panel D: Treatment Summary Control Treatment 1 Treatment 2
Observations 289 313 286

Whatsapp Reminder + SEP Status + Explorer X X X

School Distribution X X
Highlight-worthy School X

Note: This table shows balance for baseline covariates for the search aid interventions for high SES households.
Column 1 reports the control mean of the dependent variable for each relevant subgroup (standard deviations in
brackets). Columns 3 and 5 report the difference in the dependent variable from OLS regressions of each outcome
on indicator variables for treatment assignments and stratification dummies. Robust standard errors are reported in
parentheses. Variables in Panel A come from administrative data. Variables in Panels B and C come from the baseline
survey.
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TABLE S.III
BALANCE CHECKS FOR SEARCH INTERVENTIONS FOR LOwW SES HOUSEHOLDS

Control Treatment 1 Treatment 2

Mean  St.Dev. Coeff. St.Err. Coeff. St.Err. N
@) 2 3 @ ®) (6) @)

Panel A: Choice Environment
Number of available schools 16.416  [9.482] -0.120 (0.327) 0.087 (0.322) 3057
Number of available highlight-worthy schools 8.679 [5.143] -0.147 (0.193) 0.093 (0.189) 3057

Panel B: Parent/Child Characteristics

Child is female 0.506 [0.500] 0.010 (0.022) 0.014 (0.022) 3057
Child’s birthyear 2017.097 [0.552] 0.016 (0.023) 0.012 (0.024) 3057
Number of younger siblings 1.141 [0.383] 0.016 (0.017) 0.004 (0.017) 3057
Child has a disability (belief) 0.066 [0.248] 0.015 (0.012) 0.002 (0.012) 2707
Parent works in a school 0.025 [0.156] 0.011 (0.008) 0.015 (0.008) 2998
SEP household 0.533 [0.499] -0.008 (0.016) -0.019 (0.016) 3026

Panel C: Initial Knowlege and Beliefs

Expected satisfaction with process 5.295 [1.387] 0.030 (0.063) -0.063 (0.064) 2858
Listed any school as first preference 0.907 [0.291] 0.007 (0.013) 0.009 (0.012) 3057
First-preference school is highlight-worthy 0.635 [0.482] 0.057** (0.023) 0.040** (0.023) 2542
Perceived admission change for first-preference school 0.685 [0.268] 0.012 (0.012) 0.020 (0.012) 2858
Number of schools known by name 3.276 [2.672] -0.065 (0.117) 0.019 (0.114) 3057
Number of schools known well 1.830 [2.010] 0.027 (0.088) 0.072 (0.088) 3057
Perceived number of available schools 7.355 [7.079] -0.194 (0.302) -0.395 (0.306) 3057
Perceived number of available highlight-worthy schools  3.759 [3.744] -0.101 (0.154) -0.213 (0.155) 3057
Parent believed to be SEP eligible 0.192 [0.394] -0.004 (0.017) -0.015 (0.017) 3057
SEP did not know about SEP status 0.669 [0.471] -0.004 (0.021) 0.022 (0.020) 3057
Panel D: Treatment Summary Control Treatment 1 Treatment 2
Observations 1027 999 1031

Whatsapp Reminder + SEP Status + Explorer X X X

School Distribution X X
Highlight-worthy School X

Note: This table shows balance for baseline covariates for the search aid interventions for low SES households.
Column 1 reports the control mean of the dependent variable for each relevant subgroup (standard deviations in
brackets). Columns 3 and 5 report the difference in the dependent variable from OLS regressions of each outcome
on indicator variables for treatment assignments and stratification dummies. Robust standard errors are reported in
parentheses. Variables in Panel A come from administrative data. Variables in Panels B and C come from the baseline
survey.
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Number of Total Schools Location of Free + Low Price Location of Good Quality Location of Free/Low Price
Schools Schools + Good Quality Schools

FIGURE S.4.—Search aid treatment 1

Number of Total Schools Location of Free + Low Price Location of Good Quality Location of Free /Low Price
Schools Schools + Good Quality Schools

FIGURE S.5.—Search aid treatment 2

FIGURE S.6.—Additional distribution information for treatment groups 1 & 2
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S.5. ADDITIONAL INFORMATION ON FEEDBACK INTERVENTION

Randomization: 318,520 applicants to entry grades with an application before the
last week of the regular stage were randomized to receive feedback on their ap-
plication. The research design was based on a geographical assignment where
markets were divided into clusters. The assignment was stratified on the share of
voucher eligible students, share of schools in high quality category, and the share
of unassigned students in the main period of the previous year. Tables S.IV and

S.V show balace checks for the high and low SES subsamples.

Intervention Details: Figure S.8 shows example screenshots of the information that
was shown to parents as part of the feedback intervention. Panel (A) presents the
student’s current application with the option to view the applicants to date (Panel
A.i) and the school characteristics (Panel A.ii). Panel (B) is a warning message if
the current application is considered risky. Panel (C) and (D) present alternative
schools not yet included in the current application. Panel (E) provides a detailed
view of the alternatives offered. Panel (F) invites applicant to explore more schools

and Panel (G) is a link to modify the current application.

FIGURE S.8.—Feedback treatment
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TABLE S.IV
BALANCE CHECK FOR FEEDBACK INTERVENTION FOR HIGH SES HOUSEHOLDS

Control Feedback Treatment
Mean St. Dev.  Coeff. St. Err. N
(1) @) ) ) 5)

Panel A: Choice Environment
Number of available schools 15.269 [8.410] -1.561 (1.053) 521
Number of available highlight-worthy schools 8.456 [4.901] -0.434 (0.602) 521
Panel B: Parent/Child Characteristics
Child is female 0.507 [0.501] -0.047 (0.043) 521
Child’s birthyear 2017.146  [0.512]  -0.029 (0.046) 521
Number of younger siblings 1.160 [0.394] 0.015 (0.043) 521
Child has a disability (belief) 0.049 [0.215]  0.031 (0.025) 473
Parent works in a school 0.161 [0.368] 0.059 (0.038) 519
SEP household 0.173 [0.379]  -0.042 (0.036) 521
Panel C: Initial Knowlege and Beliefs
Expected satisfaction with process 5.072 [1.477] 0.091 (0.155) 492
Listed any school as first preference 0.935 [0.246] 0.017 (0.031) 521
First-preference school is highlight-worthy 0.565 [0.497]  0.062 (0.069) 419
Perceived admission change for first-preference school 0.706 [0.270]  0.016 (0.026) 492
Number of schools known by name 3.432 [2.730] 0.251 (0.250) 521
Number of schools known well 2.204 [2.265] 0.163 (0.211) 521
Perceived number of available schools 7.514 [5.991] 0.970* (0.567) 521
Perceived number of available highlight-worthy schools 3.391 [3.151]  0.559* (0.325) 521
Parent believed to be SEP eligible 0.112 [0.316] -0.018 (0.034) 521
SEP did not know about SEP status 0.656 [0.476] 0.035 (0.044) 521
Panel D: Search Treatments
Search Treatment 1 0.340 [0.475]  -0.020 (0.044) 521
Search Treatment 2 0.323 [0.468] 0.007 (0.045) 521
Observations 272 249

Note: This table shows balance for baseline covariates for the feedback intervention for high SES households.
Column 1 reports the control mean of the dependent variable for each relevant subgroup (standard deviations in
brackets). Column 3 reports the difference in the dependent variable from OLS regressions of each outcome on an
indicator variable for feedback treatment assignments and market fixed effects. Standard errors clustered at the market
cluster level are reported in parentheses. Variables in Panel A come from administrative data. Variables in Panels B
and C come from the baseline survey.
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TABLE S.V
BALANCE CHECK FOR FEEDBACK INTERVENTION FOR LOW SES HOUSEHOLDS

Control Feedback Treatment

Mean St. Dev. Coeff. St. Err. N
1) ) 3) 4 ®)

Panel A: Choice Environment

Number of available schools 15.904 [9.628] -0.472 (0.907) 2033
Number of available highlight-worthy schools 8.325 [5.051] 0.410 (0.561) 2033
Panel B: Parent/Child Characteristics

Child is female 0.518 [0.500] -0.004 (0.029) 2033
Child’s birthyear 2017111 [0.497] -0.010 (0.028) 2033
Number of younger siblings 1.116 [0.350] 0.035 (0.022) 2033
Child has a disability (belief) 0.057 [0.233] 0.007 (0.014) 1793
Parent works in a school 0.038 [0.191] -0.015** (0.007) 1996
SEP household 0.529 [0.499] -0.006 (0.028) 2033
Panel C: Initial Knowlege and Beliefs

Expected satisfaction with process 5.328 [1.363] -0.041 (0.073) 1918
Listed any school as first preference 0.937 [0.242] -0.007 (0.020) 2033
First-preference school is highlight-worthy 0.667 [0.472] 0.046 (0.038) 1720
Perceived admission change for first-preference school 0.703 [0.263] 0.023* (0.013) 1918
Number of schools known by name 3.330 [2.807] 0.103 (0.173) 2033
Number of schools known well 2.018 [2.078] -0.096 (0.120) 2033
Perceived number of available schools 6.966 [6.263] 0.296 (0.349) 2033
Perceived number of available highlight-worthy schools 3.605 [3.068] 0.155 (0.182) 2033
Parent believed to be SEP eligible 0.179 [0.383] -0.013 (0.018) 2033
SEP did not know about SEP status 0.682 [0.466] 0.021 (0.023) 2033
Panel D: Search Treatments

Search Treatment 1 0.323 [0.468] 0.004 (0.026) 2033
Search Treatment 2 0.357 [0.479] -0.007 (0.025) 2033

Observations 1102 931

Note: This table shows balance for baseline covariates for the feedback intervention for low SES households. Col-
umn 1 reports the control mean of the dependent variable for each relevant subgroup (standard deviations in brack-
ets). Column 3 reports the difference in the dependent variable from OLS regressions of each outcome on an indicator
variable for feedback treatment assignments and market fixed effects. Standard errors clustered at the market cluster
level are reported in parentheses. Variables in Panel A come from administrative data. Variables in Panels B and C
come from the baseline survey.
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S.6. ADDITIONAL DESCRIPTIVE RESULTS BY SES STATUS

In this section, we replicate our descriptive results separately for high and low

SES parents. We observe little differences in school knowledge between high and
low SES parents (Figure S.9). Figure S.10 shows that the beliefs about the distri-

bution of school attributes of high SES parents tend to be more accurate than the

beliefs of low SES parents. High SES parents also tend to have more accurate per-

ceptions of school quality and prices (Figures S.11 and S.12), but low SES parents

have slightly more accurate beliefs about placement chances (Figure S.13).
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FIGURE S.9.—Knowledge by SES status. Notes: Panel (A) plots the stated knowledge levels for five
school categories: a random school within 2km of the respondent’s home, the top three schools in
the application, and a fake school for high SES households (N = 888). Panel (B) plots the same stated
knowledge for five school categories for low SES households (N = 3057).
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FIGURE S.10.—Beliefs about the Distribution of School Attributes by SES Status. Notes: Panels (A)
and (D) show the bias in the beliefs of the number of highlight-worthy schools within 2km of the
parent’s home. Panel (B) and (E) show the perceived (left) and actual (right) share of schools in each of
the four school quality categories. Panels (C) and (F) show the perceived (left) and actual (right) share
of schools in each of the four school price categories. Panels (A-C) represent high SES households (N =
888) and Panels (D-F) represent low SES households (N = 3057).
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FIGURE S.11.—Error in Quality by SES status. Notes: Panels (A) and (D) show the bias on perceived
quality of a known random school asked in baseline. Panels (B) and (E) show the bias on perceived
quality of a random school in the application list, excluding the first ranked school. Panels (C) and (F)
show the bias on perceived quality of the first preference school at baseline. All biases are measured
as perceived quality minus true quality. Positive values indicate that the parent perceived quality to be
higher than the truth and negative values indicate that the parent perceived quality to be lower than
the truth. Panels (A-C) represent high SES households (N = 888) and Panels (D-F) represent low SES
households (N = 3057).
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FIGURE S.12.—Error in Price by SES status. Notes: Panels (A) and (D) show the bias on perceived
price of a known random school asked in baseline. Panels (B) and (E) show the bias on perceived price
of a random school in the application list, excluding the first ranked school. Panels (C) and (F) show the
bias on perceived price of the first preference school at baseline. All biases are measured as perceived
price minus true price. Positive values indicate that the parent perceived price to be higher than the
truth and negative values indicate that the parent perceived price to be lower than the truth. Panels
(A-C) represent high SES households (N = 888) and Panels (D-F) represent low SES households (N =

3057).
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FIGURE S.13.—Error in Placement Chances by SES Status. Notes: Panels (A) and (C) show the per-
ceived and true distribution of placement chances for first preference at baseline for high and low SES
households respectively. Placement chances are calculated according to the most common program the
school has if they have more than one program in the application process. Panels (B) and (D) show the
bias on perceived placement chances of the first preference school at baseline, measured as perceived
placement chances minus true placement chances. Positive values indicate that the parent perceived
admission chances to be higher than the truth and negative values indicate that the parent perceived
admission chances to be lower than the truth.
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