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Abstract

This thesis is composed of three essays on the economics of education. The �rst
essay is about the heterogeneity of gains from selective school admission. The ques-
tion of who bene�ts from selective school enrollment remains controversial. I show
that Boston exam schools have heterogeneous e�ects on achievement. Impact di�er-
ences are driven primarily by the quality of an applicant's non-exam-school alternative
rather than by student demographic characteristics like race. Admission policies prior-
itizing students with the weakest schooling alternatives have the potential to increase
the impact of exam schools on academic achievement. In particular, simulations of
alternative admissions criteria suggests schemes that reserve seats for students with
lower-quality neighborhood schools are likely to yield the largest gains.

The second essay is about understanding the impact of selective school admission
screens on segregation in New York City schools. 70 years after Brown v. Board of

Education, US school districts are still economically and racially segregated. School
segregation is especially apparent in NYC, the largest US school district. I analyze
the impact of two integration plans which reduced the role of screens in admission in
two local NYC school districts. I show that abolishing selective admissions reduced
both economic and racial segregation. Amending selective admission criteria also
elicits substantial behavioral response from applicants. I �nd evidence that reducing
the role of admission screens leads to White and high-income enrollment losses, which
decreases the e�ect of the plans. On the other hand, applicants' changes in application
behavior in response to the reforms increased the plans' impact on segregation.

The �nal essay is about predicting the e�ect of changes in school admission on
students' enrollment. Such predictions are based on estimated student preferences,
which in turn are obtained from the ranked order lists they submit. A concern is
that an applicant with �xed preferences might submit di�erent lists when faced with



di�erent admission criteria. For instance, an applicant could strategically take into
account their probability of admission at each school, therefore violating the truth-
fulness assumption. A solution is to estimate preferences allowing students to strate-
gically choose over all possible lists, but this runs into the curse of dimensionality
as the choice space is large. This paper provides a model of applicants' list forma-
tion which presumes applicants use a simple heuristic in selecting their lists. In the
model, applicants �ll their list sequentially, without fully internalizing the dynamic
consequences of each choice. Using this simpli�cation, I estimate applicants' prefer-
ences, circumventing the dimensionality problem. I leverage an admission reform in
NYC to estimate the model. Allowing applicants to deviate from truthfulness a�ects
substantially their estimated preferences.
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Chapter 1

Who Bene�ts from Selective School

Attendance?1

1.1 Introduction

Exam schools are the most sought-after public high schools in the United States. The

underrepresentation of minority students at these elite institutions has been at the

center of the education policy debate for decades. Recently, exam schools have been

under pressure to change their admission criteria in order to increase access for minor-

ity and low-income students. School boards are considering a wide range of options,

from lotteries to sophisticated place-based admission schemes. Yet, the consequences

of these admission systems for achievement have received little attention.

The impact of admission systems on achievement depends on how di�erent stu-

dents are a�ected by the schools they attend. Research on exam schools focuses

mostly on causal e�ects for marginal students, that is, students close to admissions

1Thanks to the Massachusetts Department of Elementary and Secondary Education and Boston
Public Schools for graciously sharing data. The BPS exam school data was provided for this study
as part of an ongoing research project studying exam schools at MIT. The views in this paper are
those of the author and do not necessarily re�ect the o�cial policy or position of Boston Public
Schools. I was not commissioned by Boston Public Schools or the Exam School Admissions working
group to study any speci�c policy.

11
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cuto�s (Dobbie and Fryer (2014) and Abdulkadiroglu et al. (2014)). Although mostly

small and not statistically signi�cant, these estimates for average marginal students

might hide substantial heterogeneity. Applicants' gains from attending exam schools

depend both on their personal characteristics and on the quality of non-exam school

alternatives. These two sources of di�erences in potential gains are key to evaluating

and comparing the e�ects of di�erent elite high school admission criteria on overall

academic achievement.

This paper estimates the achievement consequences of counterfactual admission

criteria accounting for heterogeneity in potential gains. The paper begins with an

econometric framework that isolates sources of heterogeneity. This decomposition is

relevant to the exam school debate because new admission rules are likely to change

the demographics of admitted students as well as the non-exam schools they substi-

tute from. The estimates for Boston exam schools show substantial heterogeneity in

exam school gains, driven by di�erences in the quality of students' non-exam school

alternatives. I use these estimates to evaluate admission reforms and to design a

scheme that increases overall academic achievement by leveraging di�erences in ex-

pected gains.

I estimate causal exam school e�ects using the IV methods introduced in Ab-

dulkadiro§lu et al. (2017) and Abdulkadiroglu et al. (2019). I then decompose exam

school e�ects by interacting instruments for exam school enrollment with covariates

predicting where applicants would enroll if not o�ered an exam school seat. I use

an applicant's distance to non-exam Boston public schools to predict her non-exam-

school alternative. Due to the large number of schools, I split non-exam schools into

four groups according to their quality as estimated with an OLS value-added model.

This split takes advantage of the fact that the OLS value-added model provides biased

but indicative estimates of school quality (Angrist et al. (2017)). Hence, the classi-

�cation based on OLS value-added is likely to group together schools with similar

e�ects on achievement.
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This strategy identi�es exam school treatment e�ect by non-exam-school alter-

native under the assumption of constant e�ects within strata (Hull (2015)). In par-

ticular, marginal changes in the relative distance to each group of schools should

not be correlated with the potential treatment e�ect of attending an exam school.

The data suggests that this assumption is likely to be satis�ed, as marginal changes

in relative distances are not systematically associated with variation in demographic

characteristics or baseline test scores. Moreover, over-identi�cation tests do not reject

homogeneous treatment e�ects along relative distance.

Perhaps surprisingly, my empirical analysis suggests that the least selective of

Boston's exam schools (the O'Bryant School) raises achievement the most. In partic-

ular, O'Bryant increases 7th and 8th grade math test scores by between 0.05 and 0.20

standard deviations for applicants who would have otherwise attended a Boston pub-

lic school of below-median quality. At the same time, gaining admission at the two

most selective Boston exam schools (Boston Latin school or Boston Latin Academy)

appears to reduce math test scores with respect to O'Bryant. As a �nal step to

the decomposition, I try to assess the heterogeneity in exam school e�ects across

students with di�erent pre-treatment characteristics but same quality of non-exam-

school alternative. This subgroup analysis shows small positive exam school e�ects

for Hispanic and Black applicants and applicants with low baseline math test scores

when substituting from certain schools, although these estimates are less precise.

I use these results to compare the achievement e�ects of counterfactual admis-

sion schemes. Two popular alternatives, (i) granting admission to top-ranked middle

school applicants and (ii) replacing exam school entrance test (ISEE) scores by state

standardized test (MCAS) scores, have little impact on achievement. Similarly, a

policy inspired by the temporary admission plan for the 2020-2021 application cycle,

which reserves seats to each city zip code based on their school-aged population, does

not result in any achievement gains. On the other hand, adopting place-based reserves

based on neighborhood schools quality would increase 8th grade math test score by
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0.13 standard deviations for 15% of applicants. Nonetheless, all these alternative

admission schemes increase minority students' representation at exam schools.

The rest of the paper is organized as follows. Section ?? presents a framework

that distinguishes non-exam-school alternative e�ects from match e�ects and dis-

cusses the data and the institutional background related to Boston's exam schools.

Section ?? details the empirical strategy decomposing exam school e�ects by outside

option. Section ?? presents the exam schools' estimated e�ects on achievement and

the decomposition by non-exam-school alternative. It also discusses heterogeneous

exam schools e�ects for di�erent groups of students. Section ?? simulates the over-

all achievement gains from adopting several possible admission schemes. Section ??

concludes.

1.2 Background

1.2.1 Going beyond exam school RD estimates

It is crucial to account for treatment e�ect heterogeneity when evaluating the impact

of di�erent admission criteria schemes on academic achievement. Changes in exam

school admission criteria a�ect the population of students that attend those schools

and, unless the bene�ts of attendance are homogeneous, achievement gains estimated

using previous cohorts will not apply to the new wave of admits.

In a setting with multiple treatments such as school choice, heterogeneity arises

not only from di�erences in match e�ects between individuals and treatments but

also from di�erences in outside option across individuals. For instance, Angrist et al.

(2019) �nd that negative exam school e�ects in Chicago are explained by diversions

away from high-performing charters in the Noble Network. Similarly, Chabrier et al.

(2016) emphasize the importance of considering the di�erence in quality of urban

and non-urban public schools when comparing the e�ectiveness of di�erent kinds of

charters. In practice, match e�ects and substitution e�ects interact, and disentangling
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them requires additional identi�cation assumptions beyond those typically imposed

when estimating elite school treatment e�ects.

To understand the signi�cance of these sources of heterogeneity, consider a mini-

mal set-up with individuals (students) indexed by i and treatments (schools) indexed

by j. Let Yij denote the potential academic outcome (academic achievement) of stu-

dent i if she attends school j. The treatment e�ect of attending school 0 (an exam

school) instead of school j for student i can be decomposed as the mean di�erence

in potential outcomes (the substitution e�ect) and student i speci�c di�erence in

potential outcomes (the match e�ect):

Yi0 − Yij = E[Yi0 − Yij]︸ ︷︷ ︸
substitution e�ect

+ εi0 − εij︸ ︷︷ ︸
match e�ect

. (1.1)

Suppose for simplicity that there is a single student characteristic Xi (e.g. race)

that a�ects potential outcome Yij di�erently depending on the school j that the

student attends. This corresponds to a situation where students of di�erent races have

di�erent bene�ts from attending each school, but gains are otherwise homogeneous.

Formally, this setting can be expressed as εij = E[εij | Xi = xi] + νi. With this

simpli�cation, the match e�ect corresponds to the covariate speci�c di�erence in

outcome when switching from school 0 to school j:

Yi0 − Yij = E[Yi0 − Yij]︸ ︷︷ ︸
substitution e�ect

+E[εi0 − εij | Xi = xi]︸ ︷︷ ︸
match e�ect

. (1.2)

This decomposition may be used to compare students' academic achievement un-

der di�erent exam school admission rules. A change in exam school admission rules

a�ects both the set of schools students are substituting from and the types of students

that substitute from these schools. Academic achievement will be larger if students

that enroll in exam schools substitute from non-exam-school alternatives in a way

that yields large positive substitution e�ects and large positive match e�ects.

Hence, comparing the performance of di�erent students assignment to schools in
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terms of overall academic achievement requires knowing the substitution e�ect and

match e�ect for each pair of schools and student characteristic. When trying to �nd

the exam school assignment scheme that maximizes academic achievement, substitu-

tion e�ects determine from which school students should be principally reallocated,

while match e�ects indicate which students from within each school should be re-

allocated. Similarly, the impact of modifying exam schools' admission criteria will

depend on the substitution and match e�ects with respect to exam schools for the

students being displaced by the change.

1.2.2 Boston exam schools

Boston is a compelling setting for studying the impact of di�erent elite school ad-

mission criteria on achievement. Since Judge W.A. Garrity ordered Boston Latin

School, the most selective Boston exam school, to set apart 35% of seats to minority

applicants in 1978, exam school admission rules have been a contentious topic. After

the unsuccessful attempt of McLaughlin v. Boston Sch. Comm. (1996), Wessmann

v. Boston Sch. Comm. (1998) put an end to seat reserves for minority applicants.

Admissions thus went back to being solely based on grades and entrance exam re-

sults. In October 2020, the Boston School Committee approved a temporary change

of admission regime, in part as a response to the challenges created by the Covid-

19 pandemic2. The plan suspends the entrance exam for a year and sets apart seat

reserves for the city's di�erent zip codes. The plan might be adopted permanently

if deemed successful. Accurately predicting the achievement e�ect of a change in

admission criteria is thus immediately policy-relevant.

Boston has three elite high schools: Boston Latin School (BLS), Boston Latin

Academy (BLA) and the O'Bryant School of Mathematics and Science (OBR). Stu-

dents can apply for admission either in 7th grade or in 9th grade. Applicants can

2The Exam School Admissions Working Group deemed the logistics of administrating the exam
school entrance test too complicated
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decide to apply to all three schools or to a subset of them and may express their

preferences over schools by submitting a rank-order list. Admission at each exam

school is based on a school-speci�c weighted average of middle school GPA and of the

Independent School Entrance Examination (ISEE). Each applicant receives a rank at

each school she applies to.

Exam school o�ers, reconciling applicants' preferences, rankings and schools ca-

pacities, are generated using deferred acceptance. This mechanism produces ad-

mission cuto�s for each exam school that can be exploited to identify exam school

achievement e�ects. Boston Latin, with an admission rate of 27%, is the most selec-

tive of the three schools. It is closely followed by Latin Academy, which on average

admits 46 % of its applicants. Finally, O'Bryant admits 56% of its applicants, mak-

ing it the most easily attainable exam school. While more than 95% of admitted

students at Boston Latin and Latin Academy accept their o�er, take-up is only 80%

at O'Bryant.

Applicants who fail to gain entrance into any of the exam school may enroll in one

of Boston public schools. The performance of these schools in raising students' test

scores is heterogeneous, as suggested by Figure 1 which displays the distribution of

the average estimated value-added of BPS schools 3 on 8th grade MCAS English and

math test scores. Schools at the bottom of the estimated value-added distribution

increase students' 8th grade test scores by one standard deviation less than schools

at the top of the estimated value-added distribution.

Exam schools appear to perform slightly better than the median Boston public

school. Boston Latin and O'Bryant appear particularly e�ective at raising math test

scores, while Boston Latin and Latin Academy are among the best schools for increas-

ing English test scores. Although these value-added estimates could be misleading as

they are not necessarily unbiased, their dispersion suggests that changing exam school

3School value-added is computed following the same model discussed in section 3 for each year
between 2004 and 2016. This model controls for student demographics and �exible functions of
baseline test scores.
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Figure 1.1: English and Math Value-Added of Boston Public Middle Schools

Note: This �gure shows the distribution of Boston public middle schools' English and Math Value-
added for years 2004-2016. The plots display the mean value added of each school over the period.
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assignment could result in achievement gains. Indeed, exam school applicants with

non-exam-school alternative in the lower tail of the value-added distribution could

bene�t from attending an exam school.

1.2.3 Data on Boston students

Students can apply to exam schools either in the spring of their 6th grade for en-

rollment in 7th grade, or in the spring of their 8th grade for enrollment in 9th grade.

Each year, approximately two thousand 6th graders apply to one of these schools.

Applicants come from both private sector schools and public sector schools (which

includes charters). Applicants who do not receive an o�er, or who decline their o�er,

can choose to enroll in the public school system or in a private school. Admission

to most of Boston's regular public schools and charter schools occurs in 6th grade.

Admission in 7th grade is thus a peculiarity of exam schools, so most applicants'

non-exam-school alternative is the school they are enrolled in when they apply. This

detail, combined with the fact that it is the larger application round, motivates my

focus on applications to 7th grade.

The analysis sample includes 7th grade applicants from years 2004�2016 for which

both baseline and outcome test scores are available.4 Since I am is interested in

studying substitutions from regular public schools, I restrict the analysis sample to

students enrolled in a non-charter BPS school in the Boston area prior to application.

This excludes students who enroll in a charter school after applying to an exam

school, since admissions to Massachusetts charter schools occur either in 5th or 6th

grade through lotteries.5 Hence, the analysis only considers students who either enroll

in an exam school or in a non-charter BPS school.

Boston Public Schools (BPS) is the source of the application �les for exam schools.

4Baseline test scores correspond to MCAS 4th grade test scores. Thus, students who were not
enrolled in a Boston Public school in 4th grade are excluded from my analysis.

5Among applicants who do not receive an o�er from any exam schools, only 3% of non-charter
applicants subsequently enroll in a charter school, while 73 % of charter applicants remain in a
charter school.
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The Massachusetts Department of Elementary and Secondary Education (DESE) pro-

vided the enrollment �les and MCAS data. Application, enrollment and test scores

�les are merged using the State unique identi�er (SASID). The distance from each

sending middle school to each potential school of enrollment is computed using the

shortest road distance between the two. Only schools where at least one student

enrolled after application during the 2004-2016 period are included in the set of po-

tential non-exam-school alternatives. I include a more detailed description these data

sets, how I constructed the distance variable, and the sample restrictions in Appendix

A.

1.3 Empirical strategy

1.3.1 Instrument for exam school enrollment

The identi�cation of exam school achievement e�ects requires an instrument since

exam school students are positively selected. I use exam school o�er conditional on the

probability of receiving an o�er to instrument exam school enrollment. Receiving an

exam school o�er strongly predicts exam school enrollment and is as good as randomly

assigned conditional on the propensity score of receiving an o�er (Abdulkadiro§lu

et al. (2017) and Abdulkadiroglu et al. (2019)). To compute the propensity score of

admission at each exam school, I exploit the rank order list of applicants following

the methodology in Abdulkadiroglu et al. (2019). Appendix B describes the method

in more detail. Although this method is also based on discontinuities at admission

cuto�s, it is more general than the approaches used in Abdulkadiroglu et al. (2014)

and Dobbie and Fryer (2014) because it combines the variations at each exam school's

cuto�.

In practice, since the match yields a single o�er, the sum of each exam school's

propensity score corresponds to the risk of being assigned at any of the exam schools.The

exam school e�ect on any outcome Yi can thus be estimated with a just-identi�ed
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2SLS procedure that uses an o�er from any exam school Di =
∑

sDis to instrument

for enrollment at an exam school Ei, controlling for linear control functions gs(·) and

hs(·) of the running variables Ris, and for the exam school propensity score p̂i. The

sample is limited to applicants whose probability of receiving an exam school o�er is

not equal to 0 or 1. Speci�cally, I estimate the following regression:

Yi = βEi +
∑
x

αxI(p̂i = x) +
∑
s

gs(Ris) + εi. (Second stage)

Since there are three exam schools in Boston, the propensity score takes on three

di�erent values x = {0.895, 0.75, 0.5} for applicants with non-degenerate risk of any

exam school o�er. For more �exibility, I allow the coe�cients associated with each of

these values to vary by cohort. The linear control function for each school's running

variable is also allowed to vary by cohort. I parameterize these functions as

gs(Ris) = ω1sais + κis [ω2s + ω3s(Ris − τs) + ω4s(Ris − τs)I(Ris > τs)] .

where ais indicates whether applicant i applied to school s, and κis = ais× I(τs−δs <

Ris < τs + δs) selects applicants in a bandwidth of size δs around an admission cuto�

τs.

The corresponding �rst stage is

Ei = γDi +
∑
x

δxI(p̂i = x) +
∑
s

hs(Ris) + νi. (First stage)

This approach can also identify the treatment e�ect of each of the exam schools

separately. The multi-school speci�cation instruments the dummy for enrollment at

each exam school (E1i, E2i and E3i) by the corresponding school o�er and controls for

the values of each exam school's propensity score. In this case, the sample includes
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applicants in the bandwidth of any of the three exam schools.

Table 3 presents encouraging evidence of covariate balance by o�er status. In

particular, receiving an o�er from any of the exam schools is not correlated with

higher baseline test scores, which bolsters con�dence in the validity of the instrument.

1.3.2 Estimation of exam school treatment e�ect heterogene-

ity

Econometric framework

The 2SLS estimators of exam school e�ects for both all applicants and subgroups of

applicants identify a mix of match e�ects and substitution e�ects, and are thus not

suitable for performing counterfactual analyses. 6 The problem with these estimators

is that they fail to address substitution e�ects, since they ignore the fact that students

6See Appendix C for details on what LATE identi�es.
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are substituting away from di�erent alternatives. 7

Substitution e�ects are hard to pin down as they correspond to unobserved choices

that need to be inferred. Behaghel et al. (2013), Kline and Walters (2016), Black-

well (2017), Lee and Salanié (2018) and Mountjoy (2019) consider non-parametric

identi�cation of multiple treatment channels and multiple treatment-speci�c instru-

ments8. This paper follows most closely the method outlined in Hull (2015), where

treatment alternatives are unobserved but vary along observable dimensions. In this

case, interacting the instrument with covariates predicting individuals' outside op-

tion is an intuitive way of identifying substitution e�ects. Nonetheless, this approach

only allows for identi�cation of both substitution and match e�ects under additional

assumptions. In particular, Hull (2015) establishes that covariate's interaction iden-

ti�es treatment e�ect by non-exam-school alternative only under the assumption of

constant treatment e�ect within strata.

Formally, let Si denote the school in which student i enrolls. Si takes values from 1

to J for non-exam schools and value 0 for the exam school. Assume there exists a set

of J−1 covariates {Wik}Jk=2 satisfying Assumption 1. Then Proposition 1 states that

interacting these covariates with the instrument for school 0 identi�es the treatment

e�ect by non-exam-school alternative .

Assumption 1

1. Relevance: Pr[Si = j | Wi = wi] 6= Pr[Si = j | Wi = w′i] if wi 6= w′i ∀j where

Wi is the vector of covariates {Wik}Jk=2.

2. Partial unordered monotonicity: For any wj < w′j and holding �xed wik

∀k 6= j, Pr[Si = j | Wij = wj, {Wik}k 6=j] ≥ Pr[Si = j | Wij = w′j, {Wik}k 6=j]

and Pr[Si = k | Wij = wj, {Wik}k 6=j] ≤ Pr[Si = k | Wij = w′j, {Wik}k 6=j] ∀i

7Heckman and Urzúa (2010) underlines that IV cannot identify treatment e�ects for di�erent
margins of choice without additional structural assumptions.

8Kirkebøen et al. (2017) show how an IV strategy identi�es counterfactual speci�c LATEs when
preferred treatment alternatives are directly measured.
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3. Constant treatment e�ect within covariate: E[Yi0 − Yij | Wi = wi] =

E[Yi0 − Yij | Wi 6= wi] for all j and vector w

The �rst condition of Assumption 1 is a �rst stage condition: the set of covariates

must predict individuals' non-exam-school alternative . The second condition general-

izes the standard monotonicity assumption from the binary case: each covariate shift

renders each treatment either weakly more attractive for all individuals or weakly less

attractive for all individuals. This rules out the possibility of compliers �owing in and

out of each outside option in response to a shift in the corresponding covariate. The

third condition entails that the treatment e�ect of attending one school instead of

another is independent of the covariates predicting the non-exam-school alternative

. In the previous framework, it implies that E[Xi | Wik] = E[Xi] ∀k since Xi is

the only determinant of a school's potential e�ect. This assumption guarantees that

variations along interacted covariates in�uence outcomes only through changes in the

outside option.

Proposition 1 (Identi�cation of treatment e�ect by non-exam-school alternative )

Suppose there exists a valid instrument Zi for enrollment in school 0 , and a vector

of J − 1 covariates {Wik}Jk=2 that satis�es Assumption 2.

1. Conditioning on {Wik}Jk=2 and Zi, the interaction of Zi and (1, {Wik}Jk=2) iden-

ti�es

E[Ȳ0 − Ȳj | Di1 > Di0], ∀j = 1, ..., J .

2. For any covariate Xi, conditioning on {Wik}Jk=2 and Xi, the interaction of Zi,

(1, {Wik}Jk=2) and Xi identi�es E[Ȳ0 − Ȳj | Xi, Di1 > Di0],∀j = 1, ..., J .

Proposition 1 establishes that the interaction of covariates predicting each stu-

dent's outside option with an instrument for enrolling in an exam school identi�es

exam schools' treatment e�ects with respect to each non-exam-school alternative, as

long as the covariates satisfy the constant treatment within covariate assumption.
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This proposition is along the lines of Hull (2015): it extends his result to more than

two outside options, and its proof in Appendix D considers a continuous interacted

covariate.

Imposing a constant treatment e�ect within the interacted covariates is less de-

manding than assuming a constant treatment e�ect in general, or assuming that inter-

acted covariates are exogenous. A constant treatment e�ect would rule out any match

e�ect between students and schools since it entails that any two students should ben-

e�t equally or lose equally from attending an exam school instead of another school.

Exogeneity would limit the set of valid covariates since it requires covariates to not be

correlated with potential outcomes (not only treatment e�ects). A constant treatment

e�ect within interacted covariates, however, only rules out heterogeneity in treatment

e�ect along dimensions that vary substantially with the covariates predicting outside

options. It allows heterogeneous match e�ects between schools and di�erent types of

students as long as these types are distributed equally along values of the covariates

used to predict non-exam-school alternative.

Testing for a constant treatment e�ect within the interacted covariates is nonethe-

less challenging. Over-identi�cation tests of homogeneous treatment e�ects are typ-

ically conducted across covariates, since these tests compare the treatment e�ect

induced by di�erent covariates, not di�erent values of the same covariate. A con-

clusive over-identi�cation test would thus require all interacted covariates to induce

variations of a similar type (e.g. age variations, race variations or geographic varia-

tions).

Estimation of exam school e�ect by non-exam-school alternative

I identify heterogeneity in exam school achievement e�ect by non-exam-school al-

ternative by interacting distance to schools with the exam school instrument. A

long-standing literature has used distances to predict students' school of enrollment

(Card (1995), Neal (1997), Booker et al. (2011), Walters (2018) and Mountjoy (2019)).
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Nonetheless, contrary to the approach taken in these papers, I do not use relative dis-

tances as instruments for school enrollment, but instead as covariates to be interacted

with an instrument for enrollment. Hence, my strategy does not require exogeneity of

relative distances but rather homogeneity of treatment e�ect along relative distances.

Considering the large number of potential non-exam-school alternatives, I need

to group schools.9 The decomposition of treatment e�ect aims at identifying which

schools perform worse than exam schools so that students substituting from those

would gain from attending an exam school instead. Hence, it is appropriate to group

together schools of similar quality .10 Sorting schools based on their estimated OLS

value-added (VA) is likely to result in groups of schools with similar e�ects on achieve-

ment as the bias in the VA model controlling for observables and past achievement is

small (Chetty et al. (2014) and Angrist et al. (2017)). Moreover, Angrist et al. (2017)

argues that, bias notwithstanding, policy decisions in Boston middle schools based

on conventional VA models are likely to generate substantial achievement gains.

Schools are sorted depending on their estimated value-added from a �lagged score�

OLS VA model. The model includes indicators for sex, race, subsidized lunch eligi-

bility, special education status (SPED), English-language learner status (ELL) and

school year, along with cubic functions of all the baseline math and ELA test scores

available.11 For each application year, I estimate the model on the two previous

years' sample of BPS schools enrolling more than 25 students, which captures the

value-added of each school at the time of application. As each school's estimated

Value-Added is year-speci�c, a school may be classi�ed in di�erent groups across

years.

9Moreover, it is not possible to identify the treatment e�ect of each speci�c school using distances,
as any other point is uniquely de�ned by its distance from 3 non-collinear reference points on a plane.

10Using this method, one may explore classi�cation of schools according to other attributes be-
lieved to be relevant. Whichever characteristic is used to categorize schools, the 2SLS procedure
should produce unbiased estimates of exam school treatment e�ects with respect to each group of
schools.

11MCAS exams for English and math were progressively introduced for each grade in the 2000s.
By 2006, BPS students were tested in every grade between 3rd grade and 8th grade, providing a rich
set of past test scores.
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Choosing the number of groups represents a trade-o� between informativeness,

identi�cation and precision. Table A2 o�ers a comparison of results for di�erent

sample splitting procedures. While constant treatment seems to be satis�ed to the

same extent, estimates become quite imprecise when using more than �ve groups.

The most precise and informative estimates are achieved with four groups, since

exam schools appear to perform as well as the median non-exam-school alternative.

Schools are thus sorted according to the quartiles of the estimated VA distribution

for each year.

As described in Table 1, group 1 schools have the lowest estimated Math VA

with an average of −0.22, while group 4 schools have the largest estimated math

VA with an average of 0.19. Exam schools have an average estimated math VA of

0.05, which makes them similar to a school in the bottom of group 3. According

to these estimates, Boston Latin is the most e�ective school with a math VA of

0.20, O'Bryant is second at 0.11 and Latin academy lies behind at −0.15. Math and

English VA appear to be correlated: schools with low estimated math VA also tend

to have low estimated 7th grade English VA. Nevertheless, Latin Academy has the

largest English VA of 0.16, while Boston Latin is second at 0.13 and O'Bryant third at

−0.13. Surprisingly, Table 1 does not reveal substantial heterogeneity between groups

in terms of ethnic composition, share of English learners, SPED, native speakers or

baseline achievement. If anything, group 1 schools appear to concentrate a larger

share of Asian students than schools in other groups.

To disentangle counterfactual-speci�c treatment e�ects, I estimate the following

speci�cation where {Sik}4
k=1 are dummies indicating enrollment at group k school:

Yi = β0 +
4∑

k=1

βkSik + εi.

This speci�cation is similar to a value-added model with exam schools as the

reference group, so that βk gives the e�ect of attending a school of group k with

respect to an exam school. This model is evaluated on the sample of applicants that
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have non-degenerate risk, i.e., applicants that are only marginally o�ered a seat at

any of the three exam schools.

To construct instruments for enrollment in each group, I interact receiving an exam

school o�er with distances from applicants' middle schools to junior high schools.

These distances plausibly predict applicants' non-exam-school alternative, since ap-

plicants that do not receive an exam school o�er are likely to either stay in the school

they were enrolled in at the time of application or move to a school in the same neigh-

borhood. Speci�cally, I interact the distance dik of each applicant's middle school to

the closest school of each group k with a dummy for receiving an exam o�er Di. Thus,

enrollment at a school of group k ∈ {1, ..., 4} is instrumented as

Sik = γkDi +
K∑
j=1

λkj(dij ×Di) +
K∑
j=1

φkjdij +
∑
x

δ(x)kI(p̂i = x) +
∑
s

hsk(Ris) + ηik.

Table 2 presents the estimated �rst stages for each group of schools. Relative
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distance is a good predictor of school enrollment. The �rst stage estimates appear to

be strong, with F-statistics between 64 and 75. The coe�cient on the distance to the

closest school of each group is systematically negative, meaning that students prefer

either staying at the school they attend at the time of application or moving to a

school close to it. Moreover, the interaction between the exam school o�er and the

minimum distance to each group is positive for each group, meaning that an exam

school o�er shifts people from a school only if it is close enough to constitute one

of the potential non-exam-school alternatives. Finally, distance e�ects appear to be

very small and generally insigni�cant for exam school enrollment, which is consistent

with the fact that exam school enrollment depends mostly on receiving an o�er.

Test of the constant treatment e�ect assumption

Proposition 2 states that identifying the treatment e�ect by non-exam-school alter-

native requires that the set of covariates interacted with the instrument satis�es the

assumption of constant treatment e�ect within covariate. Since the model controls for

the distance to the closest school of each group, the identifying variation comes from

di�erences in relative distances to each group's closest school. Hence, the constant

treatment e�ect assumption requires that marginal changes in relative distance to the

closest school of each group are not correlated with changes in the potential treat-

ment e�ect of attending an exam school. Otherwise, variations in relative distance

would not exclusively impact the outcome through changes in the non-exam-school

alternative, and would thus not identify the pure substitution e�ect.

To make this assumption clearer, consider an example with three groups of schools

and two students, A and B. These students are equidistant from group 1 and 2 schools,

but A lives closer to a group 3 school. The constant treatment e�ect assumption

assumes that A does not gain more or less than B from attending an exam school

instead of a group 3 school. This seems plausible since A and B only di�er in their

relative position to a school of group 3.
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As a check for the constant treatment e�ect assumption, Table 3 assesses whether

characteristics that could in�uence treatment e�ects vary along relative distances to

the closest school of each group. All the coe�cients are relatively small and only a

few are signi�cant. While the probability of being a Black student appears to change

along relative distances, all past test scores do not vary signi�cantly. This mitigates

the concern that my results are a�ected by heterogeneity in treatment e�ect along

relative distances.

Finally, the constant treatment assumption can be tested through an over-identi�cation

test when distances are used as interacted covariates. Indeed, the model is over-

identi�ed since the exam school enrollment dummy is omitted from the model, but

the exam school o�er dummy and its interactions with distances from all groups are

used as instruments. Including one additional distance in the set of instruments al-

lows for an over-identi�cation test for a homogeneous treatment e�ect along changes

in relative distances to schools. This test is particularly powerful since it compares

the estimated treatment e�ect values by varying the geographic de�nition of complier

groups. It is thus a test of homogeneity along variations in the characteristic used to

identify the outside option.

1.4 Empirical results

1.4.1 Overall exam school e�ect

Panel A of Table 4 reports the LATE of enrolling in any of the exam schools on aca-

demic achievement. Despite the di�erences in sample and in method, I �nd that exam

schools have a null or negative e�ect on test scores, consistent with Abdulkadiroglu

et al. (2014) and Dobbie and Fryer (2014). Overall, exam school enrollment appears

to reduce an applicant's English score by −0.107 SD in 7th grade and by −0.058 SD

in 8th grade, while it is associated with insigni�cant changes in math achievement of

−0.052 SD in 7th grade and 0.029 SD in 8th grade.
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The estimated exam school e�ect is mainly driven by O'Bryant, the least selective

exam school. Indeed, �gure 2 shows that among applicants with non-degenerate exam

school risk, 92 % of o�ered compliers enroll at O'Bryant and 8% enroll at Boston

Latin. These �gures are consistent with the fact that 80% of non-o�ered compliers

to a Boston Latin o�er enroll either at Latin Academy or O'Bryant, whereas 98% of

non-o�ered compliers to a Latin Academy o�er enroll at O'Bryant. Only compliers to

an O'Bryant o�er enroll a traditional public school more than 40% of the time when

not admitted at O'Bryant.

These enrollment patterns among exam school o�er compliers are a consequence of

the application pattern. Most applicants rank Boston Latin �rst, then Latin Academy

and �nally O'Bryant 12. As a result, most marginal applicants to Boston Latin or

Latin Academy clear the admission cuto� at either Latin Academy or O'Bryant.

As such, these applicants do not have non-degenerate risk of being seated at any

exam school and do not identify the e�ect of attending an exam school rather than a

traditional public school.

Hence, any comparison between exam schools and traditional public schools will

be a comparison between O'Bryant and the traditional sector. Similarly, the decom-

position of exam school e�ect by outside option will give estimates of the e�ects for

the di�erent groups of schools with respect to O'Bryant.

1.4.2 Decomposition of exam school e�ect

While the estimates in Table 4 panel A con�rm that enrolling at O'Bryant does not

increase academic achievement on average, panel B shows substantial heterogeneity in

the O'Bryant treatment e�ect by non-exam-school alternative. Speci�cally, applicants

with non-exam-school alternatives in the two �rst quartiles of estimated VA bene�t

from attending O'Bryant. O'Bryant enrollment increases the 7th and 8th grade math

1261% of applicants in my sample submit these exact preferences, an additional 14 % of applicants
invert the order of Boston Latin and Latin Academy, and only 8 % of applicants rank O'Bryant �rst.
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Figure 1.2: Enrollment Destinies by Exam School
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Note: This �gure shows the enrollment destinies of exam school compliers when o�ered and not
o�ered an exam school seat. Enrollment compliers are applicants who attend an exam school when
o�ered a seat but not otherwise. The 1st bar plots exam destinies for applicants when accepted in
any of the three exam schools. The 2nd bar plots non-exam destinies for applicants rejected from
all exam schools. The 3rd bar plots destinies for rejected Boston Latin applicants, the 4th bar for
rejected Latin Academy applicants and the 5th bar for rejected O'Bryant applicants. Destinies are
estimated as in Abdulkadiroglu et al. (2014). Enrollment rates are measured in the fall following
exam school application.
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test scores of these applicants by between 0.050 SD and 0.193 SD, while leaving their

English test scores unchanged.13 Nonetheless, only the 8th grade coe�cient for group

1 and 7th grade coe�cient for group 2 are statistically di�erent from zero.

On the other hand, applicants whose non-exam-school alternatives belong to the

two highest quartiles of VA achieve worse English and math test outcomes when they

enroll at O'Bryant. For instance, a group 4 school increases 8th grade English MCAS

scores by 0.125 SD and 8th grade math MCAS scores by 0.185 SD with respect to

O'Bryant.

Overall, these estimates correspond to lower O'Bryant achievement e�ects than

those implied by the estimated math and English VA presented in Figure 1. Likewise,

schools in groups 1 and 2 perform similarly according to the 2SLS estimates even

though their estimated average math and English VA are di�erent. This suggests

either the existence of some bias in the value-added estimation or some heterogeneity

in VA for marginal exam school applicants.

The over-identi�cation test provides reassuring evidence that the assumption of a

constant treatment along relative distances is likely to be satis�ed. The p-values for

the test reported in the bottom of panel B do not reject the null of a homogeneous

e�ect, except marginally for 7th grade math MCAS. Moreover, the implied LATE,

computed by weighting each coe�cient in panel B by the estimated share of compliers

for the corresponding group of non-exam-school alternatives, is similar to the actual

LATE reported in panel A.14 A stark di�erence between the two �gures would have

suggested that the decomposition was picking up some variation not linked to the

heterogeneity in non-exam-school alternative.

As a further step to the decomposition, I try to assess the heterogeneity in average

13The estimates in this panel correspond to the e�ect of enrolling in a school from each group
instead of an exam school. Hence, a negative coe�cient indicates that applicants would bene�t from
attending O'Bryant instead of a school of the corresponding group.

14The share of compliers with a non-exam-school alternative in each group is estimated by re-
gressing a dummy for enrollment in a given group on a dummy for not enrolling at an exam school
instrumented by not receiving an exam o�er. The second bar of Figure 2 summarizes these results.
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e�ect across compliers with di�erent pre-treatment characteristics. In particular, I

explore potential match e�ects for applicants with a high baseline score, and for

Black and Hispanic applicants. Interacting the distance and o�er instruments with

dummies for each group recovers match e�ects within each group of non-exam-school

alternatives. Nonetheless, the increase in the number of endogenous variables comes

at the cost of decreased precision, making the results hard to interpret.

Appendix tables A4 and A5 report the results for the decomposition by baseline

math score and minority status. Although the estimates are noisy, match e�ects ap-

pear to be smaller than substitution e�ects. Moreover, match e�ects are not consistent

across non-exam-school alternative groups and test scores. Only minority applicants

with a group 1 non-exam-school alternative appear not to gain from enrolling in an

exam school while their non-minority peers do bene�t. This suggests that, once ac-

counting for di�erences in outside options, there is no systematic heterogeneity in

treatment e�ect across students.

1.4.3 Di�erence in treatment e�ect of each exam school

As underlined in the previous section, my estimation strategy can only pin down the

e�ect of each exam school with respect to the outside option of applicants with non-

degenerate o�er risk. Given the enrollment destinies presented in �gure 2, it follows

that students marginally o�ered Boston Latin may be used to estimate the e�ect of

attending Boston Latin rather than Latin Academy; while students marginally seated

at Latin Academy identify the e�ect of attending Latin Academy rather than Boston

Latin or O'Bryant.

Table 5 presents the results of these comparisons by adding to the model enroll-

ment dummies for each individual exam school. These dummies are instrumented by

exam school-speci�c o�ers, which are interacted with distances to groups of traditional

public schools in order to account for potential di�erences in substitution patterns 15.

15These di�erences are unlikely to be critical as only a small share of non-o�ered Boston Latin
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The dummy for enrolling at O'Bryant is excluded from the speci�cation, so that each

coe�cient corresponds to the e�ect of attending that school rather than O'Bryant.

As expected, including individual exam school enrollment dummies does not sub-

stantially a�ect the coe�cients on the non-exam-school alternatives, since these were

already implicitly with respect to O'Bryant in the any exam school speci�cation.

On the other hand, Latin Academy appears to perform worse than O'Bryant

overall. Attending Latin Academy as opposed to O'Bryant reduces MCAS math test

scores by 0.11 SD in 7th grade and by 0.36 SD in 8th grade. The di�erence in 8th grade

MCAS English test score is not statistically di�erent from zero, while Latin Academy

appears to increase 7th grade MCAS English test score by 0.16 SD. Moreover, the

compliers enroll at a traditional public school, and they tend to enroll equally in schools of the four
VA groups.
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table shows no statistically signi�cant gains of enrolling at Boston Latin instead of

Latin Academy. Contrary to what applicants seem to believe, it is more bene�cial to

enroll at O'Bryant than at Latin Academy, and gaining access to Boston Latin from

Latin Academy does not appear to make a substantial di�erence.16

1.5 Counterfactual admission criteria

The previous analysis uncovered the e�ects of Boston's three exam schools on ed-

ucational attainment for applicants close to each school's admission cuto�. In this

section, I use these estimates to evaluate what change in exam school admission crite-

ria would lead to the highest increase in overall achievement. Estimates for marginally

seated applicants are particularly relevant for this analysis, as alternative admission

criteria primarily change which applicants get admitted at the margin. While there

seems to be little scope for match e�ects, the decomposition by non-exam-school al-

ternative uncovered signi�cant heterogeneity in achievement gains from enrolling at

an exam school depending on the quality of an applicant's outside option. Changing

exam school admission criteria to leverage this heterogeneity in treatment e�ect by

non-exam-school alternative could thus increase overall achievement.

The optimal admission rule would give priority to applicants whose non-exam-

school alternative is of low quality. Since non-exam-school alternatives are not ob-

servable, this policy is not implementable in practice. Nonetheless, I can estimate the

optimal assignment and use it to benchmark the e�ects of feasible changes in admis-

sion criteria. As for feasible policies, I simulate four alternative admission schemes:

granting admission to top-ranked middle school applicants, replacing ISEE scores with

MCAS scores, zip code reserves similar to the BPS plan for the 2020-2021 application

cycle, and a place-based priority system.

16Appendix table A6 explores potential heterogeneity in gains for minority students and appli-
cants with baseline math test scores above the median. Overall, there appears to be no substantial
additional gains from getting into a more selective exam school for students in these two groups.
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First, I consider the e�ect of implementing a �Texas top10� style rule. Speci�cally,

I simulate the exam school selection process when granting admission to applicants

whose GPA places them in the top 5 or 10% of their middle school.17 Second, I

explore the impact of replacing ISEE scores with MCAS scores in the composite

score used to rank applicants. This policy was suggested by Goodman and Rucinski

(2018) as a feasible alternative to race-based priorities. Third, I simulate an admission

system that reserves seats for each city zip code depending on the size of their school-

aged population.18 This simulation is inspired by the plan adopted by BPS for the

2020-2021 application cycle. Although I try to predict the impact of such a plan on

student achievement relative to other admissions policies, I do not intend for this

study to serve as an evaluation of Boston's admissions plan. I attempt to reproduce

the changes outlined in public documents by the Exam School Admissions working

group. However, since I was not commissioned by BPS to study its policy, I do not

know the details of the plan's implementation.19 Finally, I implement a place-based

priority system in which applicants, whose closest school belongs to the two lowest

quartiles of estimated VA, have priority for 25%, 50% or 75% of reserved seats.20

The non-exam-school alternative for each applicant is not directly observable. To

predict applicants' non-exam-school alternative, I use a linear model with distances

to each group of schools as regressors.21 Panel A of Table 6 explores the accuracy

17To simulate this change in admission criteria, I assume top middle school students' admission
behavior is una�ected. That is, all the top students that currently apply would also apply under
the new policy, and top students that currently do not apply would still not apply under the new
policy.

18For each school, available seats are divided between open seats and reserved seats. Open
seats represent 20% of seats and are �lled �rst. All applicants have the same priority for open
seats. Reserved seats are allocated to each Boston zip code according to the size of its school-aged
population. Applicants get priority to the reserved seats allocated to their zip code of residence. For
each category of seats, applicants are sorted by priority and composite scores.

19My implementation of the admissions plan di�ers from publicly stated policy in that open
seats do not only consider the �rst choice of each applicant and that I use composite scores to rank
applicants and not only GPA.

20The address of the school of enrollment at the time of application is used as a proxy for student's
address. Reserved seats are �lled after open seats, which should favor applicants that qualify for the
reserve (Dur et al. (2020)).

21Any negative predicted probability of enrolling in a group is set to zero. Predicted probabilities
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of the prediction model by comparing the actual distribution of non-exam-school

alternatives to the distribution predicted by the model, for applicants that do not

receive an exam school o�er. All predicted shares are less than one percentage point

apart from the actual shares.

I use the model to predict the distribution of non-exam-school alternatives for

admitted applicants under the di�erent admission schemes, and to estimate the as-

signment under an optimal admission regime. The optimal assignment is obtained by

maximizing the total gain in MCAS math 8th grade test scores. This policy corre-

sponds to maximizing the shares of admitted applicants from groups 1 and 222. Panel

B of Table 6 compares the performance of the three di�erent admission schemes to

are then normalized by setting their sum to one for each applicant.
22The performance of the di�erent groups of non-exam-school alternatives was gauged with re-

spect to O'Bryant. Nonetheless, as di�erent demographic groups do not seem to bene�t more or
less from gaining access to Boston Latin or Latin Academy, non-exam-school alternative estimates
specify the relative gain or loss from diverting a student from a given school, even when the student
enrolls at Boston Latin or Latin Academy. Hence, these estimates may be used to compute the gain
from changing the distribution of non-exam-school alternatives for applicants admitted at any of the
three exam schools.
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the optimal assignment and the actual assignment.

From the table, it appears that only the place-based priority system is likely to

improve applicants' overall academic performance. Indeed, while the place-based

priority system increases the share of o�ered applicants whose non-exam-school al-

ternative belongs to the �rst two quartiles of VA, granting seats to top middle school

applicants, replacing ISEE scores with MCAS scores or implementing zip code re-

serves similar to BPS's temporary plan have almost no e�ect on the distribution

of non-exam-school alternatives among admitted applicants. As a result, the place-

based scheme comes the closest to the optimal assignment. Reserving 75% seats to

students with a low VA closest alternative increases 8th grade math test score by 0.13

SD for 15% of applicants. For comparison, the optimal assignment results in a similar

increase of 0.14 SD for 22% of applicants. On the other hand, granting admission

to the top students from each middle school, replacing the ISEE with MCAS or im-

plementing zip code reserves similar to the BPS plan for 2021 admissions a�ects the

test scores of at most 1% of applicants, and the average gain varies between −0.15

SD and 0.03 SD.

The relative performance of each admission criteria can be explained by the cor-

relation between the criteria used and the quality of applicants' non-exam-school

alternatives. Considering Table 1, the average baseline MCAS score for students does

not vary systematically with the estimated quality of schools. Thus, students with

MCAS scores that are higher than their ISEE scores are not more likely to have a low

VA non-exam-school alternative. Similarly, each VA group contains the same num-

ber of schools and is not concentrated geographically. Selecting applicants from each

school of origin or from speci�c zip codes is thus not likely to a�ect the distribution of

non-exam-school alternatives. On the other hand, an applicant's neighboring school

is expected to be her outside option, so giving priority to applicants with low VA

neighboring schools is quite e�ective.

One of the main arguments for reforming exam school admission is that Black
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and Hispanic students tend to be underrepresented at these elite institutions. Inter-

estingly, all of the alternative admission criteria increase minority students' represen-

tation at exam schools, although none targets these students directly.

However, the magnitude of the increase is not correlated with the e�ectiveness of

the admission scheme. Indeed, the admission scheme resulting in the largest minority

share (48%) is the priority for the top 10% of students from each middle school, which

has no e�ect on academic achievement. Similarly, implementing zip code reserves

similar to BPS's temporary plan also increases minority share at exam schools to 47

%. Finally, the 75% reserve for students with a low-quality outside option increases

the share of Blacks and Hispanics among admitted applicants to 48%, that is, by 6

percentage points compared to the actual assignment.

This discrepancy can be explained by the fact that Black and Hispanic students

do not appear to have systematically worse outside options (as shown in Table 1).

Thus, only some minority applicants would actually bene�t from attending an exam

school instead of their non-exam-school alternative. In general, Table 1 suggests

that no observable characteristic is strongly correlated with the quality of a student's

non-exam-school alternative. Hence, targeting based on observable characteristics is

unlikely to improve academic achievement.

Granting admission to top-ranked middle school applicants and replacing ISEE

scores with MCAS scores does not leverage the heterogeneity in the exam school

treatment e�ect. Thus, implementing these changes would probably not result in

substantial changes in overall achievement. On the other hand, directly targeting

applicants based on their neighborhood school leverages most of the relevant hetero-

geneity and results in signi�cant improvements.
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1.6 Conclusion

Existing regression discontinuity estimates of exam school e�ects �nd zero gain from

attending these schools. Nonetheless, I show that these estimates aggregate important

heterogeneity in treatment e�ects and are thus not suitable for performing counter-

factual analyses. In particular, applicants whose non-exam-school alternative has an

estimated math VA in the bottom two quartiles of Boston public schools bene�t from

attending an exam school.

It follows that changing the admission scheme for Boston exam schools could

increase overall achievement. This improvement comes from identifying and target-

ing applicants who bene�t from attending exam schools. These students are not

characterized by speci�c demographics but rather by low-quality non-exam-school

alternatives. This distinction highlights the necessity of separately identifying het-

erogeneity in substitution e�ects from match e�ects when attempting to compare

di�erent allocation of students to schools.

More generally, in any setting with multiple treatments, an accurate counter-

factual analysis should always involve a full decomposition of the treatment e�ect.

Although identifying these di�erent sources of heterogeneity is challenging, my analy-

sis shows how to leverage applicants' locations. This strategy is particularly relevant

since it allows for a compelling test of the identifying assumptions, and my approach

may be applicable in other settings where treatment is related to spatial position.
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Appendix

Appendix A: data

Boston Public Schools (BPS) is the source of the application �les for exam schools.

The State of Massachusetts (DESE) provided the enrollment �les and MCAS data.

Application, enrollment and test scores �les are merged using the State unique iden-

ti�er (SAS-ID). In this section, I describe these data sets, the construction of the

distance variable and the additional sample restrictions.

Application data

The exam school application �le contains a record for each student consisting of

an application id number, state ID (SAS-ID) number, name, gender, race, date of

birth, application year, grade of application, preferences over three exam schools, and

the composite score for admission. Each record also includes the school where the

student receives an o�er (if any). This data set covers students with application years

from 1995-2017 and applicants for entrance in 7th, 9th and 10th grade. The analysis

sample only includes 7th grade applicants from 2004-2016 for which both baseline

and outcome test scores are available. Students enroll in the fall of the same year.

I exclude duplicate observations and applicants who were missing the application id

number from the analysis.

The admission rank cuto� for each year and each school is computed using the

rank of the last admitted students, after excluding admitted students with incorrect

45
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ranks. Incorrectly ranked admitted students are admitted at an exam school although

their rank is much higher than the rank of the last but one admitted at the same

school. The admission rank cuto� is used to construct a simulated o�er variable for

each school, which is preferred to the actual o�er variable throughout the analysis.

Despite these identi�ed irregularities, the match replicates 99 % on average.

Enrollment data

The Massachusetts enrollment �le spans school years 2001-2002 through 2017-2018.

Each record contains both a start of the school-year (October) snapshot and at end

of the school-year snapshot for each student enrolled in Boston Public Schools, with

unique student identi�er (the SAS-ID), the student's grade and school, and demo-

graphic information. The variables of interest in the enrollment �le are grade, year,

sex, race, low-income status, special education status (SPED), and native speaker

status. The school each student was enrolled prior to application is obtained from

the end of the year enrollment �les while the October enrollment �les are used to

determine the school each student enrolls after application. Enrollment data is only

available for students enrolled in Boston public schools, excluding students enrolled

in private schools before or after application.

Test scores data

The MCAS test scores �le spans school years from 2002 to 2018. It includes scores

for two subjects: English, and Math, the grade (4th, 6th, 7th and 8th grade) and the

year in which the test was taken. I standardize scores among Boston test-takers by

year and grade. For each multiple times test takers, the last test score for each grade

is considered. 4th grade Math and English MCAS test scores constitute the baseline

scores whereas 7th and 8th grade English and 7th and 8th grade Math MCAS test scores

are the main outcomes of interest. 6th grade Math and English scores are available

only after 2004 and 2006 respectively while 7th grade Math MCAS was introduced
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only in 2006.

Distance to schools

Only schools where at least one student enrolled after application during the 2004-

2016 period are included in the set of potential schools of enrollment. The distance

between each sending middle school of the dataset to each potential school of enroll-

ment is computed using the shortest road distance between the two points. It does

not take into account di�erences in tra�c or in speed limit across roads.

Sample restrictions

The analysis sample is restricted to students enrolled in a non-charter BPS school

prior to application. This excludes the possibility for students to be enrolled in charter

after application since admissions to Massachusetts charter schools occur either in 5th

or 6th grade through lotteries. Hence, the analysis only consider students that may

either enroll in an exam school or in a non-charter BPS school. Students with no

baseline test scores, i.e. who were not enrolled in BPS during 4th grade, are also

excluded from the analysis.

Description of Value-added sample and model

The Value added models for math and English are estimated on the sample of all non-

charter BPS schools. Schools with fewer than 25 students enrolled in 7th grade are

excluded from the sample. The math value added model uses Math MCAS test scores

from 8th grade but considers the school where students were enrolled in 7th grade.

The English value added model uses 7th grade MCAS English test scores. Both model

includs indicators for sex, race, subsidized lunch eligibility, special education status,

English-language learner status, school year, along with cubic functions of all the

baseline Math and ELA test scores available (3rd, 4th, 5th and 6th grades). For each
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year, the value added of each school is computed using the data from two years prior.

Appendix B: Computation of the propensity scores

Following the methodology in Abdulkadiroglu et al. (2019), I exploit the rank order

list of applicants to compute the propensity score of admission at each exam school.

Speci�cally, an applicant whose score is close to a school's admission cuto� has a

local risk of admission at this school of one half. Considering the applicant's ranked

order list, it is then possible to compute the overall probability of admission at each

school by taking into account the applicant's probability of being admitted to a more

preferred school.

More formally, let s = 0, 1, 2, 3 index exam schools in set S, where s = 0 denotes

any outside option. θi = (�i) denote applicant i's type, where �i is the applicant's

ranking of schools. The school speci�c rank used for admission is denoted by Ris; this

is the school speci�c RD running variable. Ri is the vector of rankings at each school

for applicant i. Each applicant gets an o�er at school s if and only if its ranking is

below the school speci�c cuto� τs, i.e. i� Ris ≤ τs.

Considering applicants' rank order list, let Bθs be the set of schools type θ prefers

to s

Bθs = {s′ ∈ S|s′ �θ s}

Given a bandwidth δ, an applicant's type θ and ranks vector Ri, de�ne the risk

of being seated at school s as

Ψs(θ, R, δ) =


0 if Rs < τs − δ or Rb > τb + δ for some b ∈ Bθs

0.5ms(θ,R) if Rs > τs + δ and Rb ≤ τb + δ for all b ∈ Bθs

0.51+ms(θ,R) if τs − δ ≤ Rs ≤ τs + δ and Rb ≤ τb + δ for all b ∈ Bθs

where ms(θ, T ) = |{b : b ∈ Bθs and τb − δ ≤ Rb ≤ τb + δ}|
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Under the Assumption that the distribution of each running variable is continuous

at the admission cuto� for each applicants' type, Theorem (1) of Abdulkadiroglu et

al. (2019) shows that

lim
δ→0

E[Di(s)|θi = θ, Ri = R,Wi = W ] = Ψs(θ, R, δ)

Where Di(s) is an indicator for receiving an o�er from school s and Wi is a vector

of observed and unobserved characteristics of student i. Controlling for the propensity

score, o�ers from school s are locally as good as randomly assigned and can thus be

used as instruments for enrollment.

Empirically, the propensity score can be computed as the sample equivalent of the

theoretical local propensity score described above using the information contained in

the rank order list of students and admission cuto�s. Theorem (2) of Abdulkadiroglu

et al. (2019) establishes uniform convergence of the empirical propensity score in an

asymptotic sequence that increases market size with a shrinking bandwidth. This

justi�es conditioning on the empirical propensity score to eliminate OVB in school

e�ect estimates.

When computing the scores, I separately estimate bandwidths for each school and

cohort according to Imbens and Kalyanaraman (2012). As an intermediate step, I also

estimate the bandwidths for each outcome variable; I keep the smallest bandwidth

for each school and cohort.

Appendix C: What does 2SLS identify?

The previous framework showed that question regarding counterfactual assignments

cannot be answered without knowing both substitution and match e�ects. In this

section, I show that these e�ects are hard to identify separately, and that LATE and

group speci�c estimators identify a weighted average of both e�ects.

I am interested in the treatment e�ect of enrolling in an exam school, which can
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indexed as school 0. Let Di be a dummy equal to 1 when student i enrolls in school

0. The school 0 treatment e�ect is given by β from the regression of Yi on Di,

Yi = α + βDi + νi. (1.3)

The decision to enroll in a speci�c school is typically endogenous and correlated

with students' characteristics. Hence, the large literature interested in schools' treat-

ment e�ects has leveraged instrumental variables based on speci�c admission rules

(lotteries, admission tests, etc.) and student characteristics (distance). Suppose there

exists a valid binary instrument Z for enrollment in school 0, and let Di1 and Di0

denote the potential values of Di when Zi = 1 and Zi = 0 respectively. Since Z is a

valid instrument, it satis�es the following assumptions.

Assumption 2 1. Instrument relevance: E[Di0] 6= E[Di1]

2. Random assignment and exclusion: Zi is independent of (Di1, Di0, Yi(Di, Zi))

and Yi(Di, 0) = Yi(Di, 1) = Yi(Di)

3. Monotonicity: Di1 ≥ Di0 ∀i and Di1 > Di0 for some i

Proposition 1 establishes that the LATE obtained from the 2SLS regression is

a weighted average of pairwise comparisons, with weights given by the distribution

of outside options for the compliers. The ωj weight captures the share of compliers

that have outside option j, and the ωx|j weight captures the share of compliers with

outside option j that have characteristics x.

Proposition 2 (2SLS identi�cation)

Suppose there exists an instrument Zi for Di that satis�es Assumption 1. The 2SLS



1.6. CONCLUSION 51

regression using Zi as an instrument identi�es

βLATE = E[Yi0]−
∑
j

ωjE[Yij]︸ ︷︷ ︸
substitution e�ects

+
∑
x

(ωx|0E[εi0 | Xi = x]−
∑
j

ωjωx|jE[εij | Xi = x])︸ ︷︷ ︸
match e�ects

.

(1.4)

Letting Si ∈ {1, ..., J} denote the non-exam alternative option of student i, the

weights are de�ned as

ωj = Pr[Si = j | Di1 > Di0], and

ωx|j = Pr[Xi = x | Di1 > Di0, Si = j].

Proof. Z satis�es Assumption 1 thus βLATE identi�es the average treatment e�ect for

compliers:

βLATE = E[Yi1 − Yi0|Di1 > Di0]

= E[Yi1|Di1 > Di0]− E[Yi0|Di1 > Di0]

where Yi1 = Y (Di = 1) and Yi0 = Y (Di = 0).
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Using the framework notation:

E[Yi1|Di1 > Di0] = E[Ȳ1 + Ȳi + E[εi1|Xi]|Di1 > Di0]

= Ȳ1 + E[Ȳi|Di1 > Di0] +
∑
x

ωx|1E[εi1|Xi]

E[Yi0|Di1 > Di0] = E[Ȳj + Ȳi + E[εij|Xi]|Di1 > Di0, Di = 0]

=
∑
j

ωjE[Ȳj + Ȳi + E[εij|Xi]|Di1 > Di0]

=
∑
j

ωj{Ȳj + E[Ȳi|Di1 > Di0] +
∑
x

ωx|jE[εij|Xi]}

=
∑
j

ωjȲj + E[Ȳi|Di1 > Di0] +
∑
x

∑
j

ωjωx|jE[εij|Xi]}

Replacing and rearranging these expressions in the formula for βLATE, one ob-

tains the desired decomposition:

βLATE = Ȳ1 −
∑
j

ωjȲj︸ ︷︷ ︸
substitution e�ects

+
∑
x

(ωx|1E[εi1|Xi]−
∑
j

ωjωx|jE[εij|Xi])︸ ︷︷ ︸
match e�ects

Corollary 1 points out that 2SLS estimators for di�erent subgroups do not capture

pure match e�ects if compliers with di�erent covariate values substitute di�erently

from non-exam-school alternatives. It is thus necessary to compute match e�ects

controlling for applicants' non-exam-school alternatives. In other words, one need �st

to decompose treatment e�ect by non-exam-school alternatives before attempting to

capture match e�ects.

Corollary 1 (Subgroup 2SLS identi�cation)

Suppose there exists an instrument Zi for Di that satis�es Assumption 1. Using Zi
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as an instrument on the subgroup of observations with Xi = x identi�es

βLATE|Xi=x = E[Yi0]−
∑
j

ωj|xE[Yij]︸ ︷︷ ︸
substitution e�ects

+E[εi0 | Xi = x]−
∑
j

ωj|xE[εij | Xi = x])︸ ︷︷ ︸
match e�ects

,

(1.5)

where

ωj|x = Pr[Si = j | Di1 > Di0, Xi = x].

Appendix D: Proofs

Corollary 1 (Match e�ect identi�cation)

Suppose there exists an instrument Zi for Di which satis�es Assumption 1. Using Zi

as an instrument on the subgroup of observations with Xi = x identi�es

βLATE|Xi=x = Ȳ1 −
∑
j

ωj|xȲj︸ ︷︷ ︸
substitution e�ects

+E[εi1|Xi = x]−
∑
j

ωj|xE[εij|Xi = x])︸ ︷︷ ︸
match e�ects

(1.6)

where

ωj|x = Pr[Si = j|Di1 > Di0, Xi = x]

Proof. This follows directly from Proposition 1 by replacing ωj by ωj|x and dropping

the
∑

x since there is only one value of Xi in the subsample.

Proposition 1 (Identi�cation of treatement e�ect by outside option)

If there exists a valid and exogeneous instrument Zi for enrollment in school 0 and a

vector of J − 1 covariates {Wik}Jk=2 which satis�es Assumptions 1 and 2 then

• Conditioning on {Wik}Jk=2, the interaction of Zi and {Wik}Jk=2 identi�es
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E[Ȳ1 − Ȳj|Di1 > Di0] ∀j = 2, ..., J

• For any covariate Xi, conditioning on {Wik}Jk=2 and Xi, the interaction of Zi,

{Wik}J2 and Xi identi�es E[Ȳ1 − Ȳj|Xi, Di1 > Di0]∀j = 2, ..., J

Proof. To identify treatment e�ect of attending school 0 (exam school) by non-exam-

school alternative , one would like to estimate

Yi = α + βSi1 +
J∑
k=2

βjSij + ui

The exam school is excluded from the estimation equation. It thus constitutes the

school of reference to which school 1 and the other schools are compared, i.e. β

corresponds to the treatment gain from attending school 1 instead of the exam school.

For simplicity, let's �rst consider a case with only two non-exam-school alter-

natives. Using Frish-Waugh-Lovell theorem, one can reduce every problem with a

problem with two non-exam-school alternatives by partialling out the other covari-

ates.

De�ne Zi2 = Wi2 × Zi ∀i and assume w.l.o.g. that W2 is a continuous variable.

Denote by Z̃2, Z2 partialled out from W2. Note that since Z is randomly assigned by

Assumption 1 Z̃i = Zi ∀i.

The �rst stage equations give

E[Si1|Z, Z̃i2] = α1 + α1
1Zi + α2

0Z̃i2

E[Si2|Z, Z̃i2] = α2 + α1
2Zi + α2

2Z̃i2

Plugging these into the second stage, we obtain the following reduced form
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E[Yi|Zi, Z̃i2] = α + β(α1 + α1
1Zi + α2

1Z̃i2) + β2(α2 + α1
2Zi + α2

2Z̃i2)

E[Yi|Zi, Z̃i2] = α + βα1 + β2α2 + (βα1
1 + β2α

1
2)︸ ︷︷ ︸

α1
y

Zi + (βα2
1 + β2α

2
2)︸ ︷︷ ︸

α2
y

Z̃i2

E[ui|ZiZ̃i2] = 0 by Assumption 1.

By de�nition, 2sls estimator equals reduced form estimates times the inverse of

the �rst stage estimates:

 β

β2

 =

α1
1 α1

2

α2
1 α2

2

−1α1
y

α2
y



Solving the system for β and β2:

β =
α2

2α
1
y − α1

2α
2
y

α1
1α

2
2 − α1

2α
2
1

β2 =
α1

1α
2
y − α2

1α
1
y

α1
1α

2
2 − α1

2α
2
1

Consider a local evaluation point w2, using the fact that Di + Si1 + Si2 = 1 and

the monotonicity conditions from Assumptions 1 and 2:
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α0
y = E[Yi|Zi = 1, Z̃i2]− E[Yi|Zi = 0, Z̃i2]

α0
y = E[Yi0 + (Yi1 − Yi0)Si1 + (Yi2 − Yi0)Si2|Z = 1, Z̃i2]

− E[Yi0 + (Yi1 − Yi0)Si1 + (Yi2 − Yi0)Si2|Z = 0, Z̃i2]

α0
y = E[Yi1 − Yi0|0← 1](E[Si1|Zi = 1, Z̃i2]− E[Si1|Zi = 0, Z̃i2])

+ E[Yi2 − Yi0|0← 2](E[Si2|Zi = 1, Z̃i2]− E[Si2|Zi = 0, Z̃i2])

α0
y = E[Yi1 − Yi0|0← 1]α1

1 + E[Yi2 − Yi0|0← 2]α1
2

where 0 ← 1 denotes instrument Z compliers moving from treatment 1 to treat-

ment 0 at point (w2), i.e. from school 1 to the exam school at point (w2). Similarly,

where 0 ← 2 denotes instrument Z compliers moving from school 2 to the exam

school at point (w2).

One can derive a similar expression for α2
y:

α2
y =

∂E[Yi|Zi, Z̃i2]

∂Z̃i2

α2
y = E[Yi1 − Yi0|0← 1(w′2)]α2

1 + E[Yi2 − Yi0|0← 2(w′2)]α2
2

where 0 ← 2(w′2) denotes instrument Z compliers moving from school 2 to the

exam school at point w′2 ↓ w2 but not at point w2, i.e.

E[Yi2 − Yi1|0← 2(w′2)] = lim
w′

2↓w2

E[Yi0 − Yi1|S2i(Z1 = 0,W2i = w2) = 0, S2i(Z1 = 0,W2i = w′2) = 1]

These expressions indicate that the multi-treatment estimate aggregates treatment

e�ect from di�erent groups of compliers. Nonetheless, the constant treatment e�ect
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within covariate condition from Assumption 2 implies that for any (w2, w
′
2)

E[Yi1 − Yi0|0← 1(w2)] = E[Yi1 − Yi0|0← 1(w′2)]

E[Yi2 − Yi0|0← 2(w2)] = E[Yi2 − Yi0|0← 2(w′2)]

Thus, plugging in α0
y and α

2
y on the expressions for β :

β =
α2

2α
1
1E[Yi1 − Yi0|0← 1] + α2
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Chapter 2

Selective admissions and school

segregation 1

2.1 Introduction

In its landmark 1954 Brown v. Board of Education ruling, the Supreme Court asserted

that racial segregation in public schools was �inherently unequal� and mandated that

U.S. schools should integrate �with all deliberate speed� (Brown v. Board of Educ.

II, 1955). In the years following Brown, however, legal and societal momentum to

desegregate schools slowed. Redlining, housing discrimination, and white �ight all

contributed to de facto school segregation. Subsequent Supreme Court rulings com-

pounded these challenges by allowing racial isolation as long as it is not explicitly

mandated (Milliken v. Bradley, 1974), reducing court oversight of desegregation ef-

forts (Board of Education v. Dowell, 1991), and limiting the use of race in admissions

decisions (Parents Involved v. Seattle School District No. 1, 2007). Because of these

legal and societal forces, many American schools are still divided by both race, eth-

nicity, and class (Lutz (2011), Reardon et al. (2012)). For instance, more than 75%

1Thanks to the NYC Department of Education for graciously sharing data. The views in this
paper are those of the author and do not necessarily re�ect the o�cial policy or position of the NYC
Department of Education.
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of enrolled students are both low income and Black or Hispanic in 17% of American

schools (GAO 2016).

Meanwhile, substantial and persistent achievement gaps exist. In 2000, students

from low-income (10th percentile) families scored almost 1.25 standard deviations

lower on standardized reading tests, and Black students scored about 0.75 standard

deviations lower than their white peers by the same measure (Reardon (2013)). While

these achievement gaps might not be solely a consequence of school segregation, the

Black-White test score gap is higher in more segregated cities (Card and Rothstein

(2007), Vigdor and Ludwig (2007)). Moreover, the gap increased in school districts

that suspended race-based admissions (Billings and Hoekstra (2019), Cook (2018)).

On the other hand, studies on the e�ects of integration policies suggest that in-

tegration may have both academic and psychological bene�ts to students (Angrist

and Lang (2004), Guryan (2004), Johnson (2011), Johnson (2019), Zebrowitz et al.

(2008)).

Such stark racial and socioeconomic gaps are especially apparent in large, urban

school districts such as New York City. A 2012 analysis revealed that more than half of

NYC's public schools enrolled student populations consisting of 90 percent or more

Black and Hispanic students (Fessenden (2012)). The city has experimented with

numerous proposals to diversify its schools (Shapiro (2019), Johnson (2019)). Most

recently, Mayor de Blasio campaigned on the promise to make the schools �re�ect the

city better� (Harris (2018)).

School segregation persists in NYC despite its centralized school choice process

which should a�ord considerable opportunity for social and racial integration. In-

deed, school choice emerged in large part from a desire to stem the return to segre-

gated neighborhood schools by decoupling school environment from residential sort-

ing. Each year, more than 70 000 5th grade students and 79 000 8th grade students

can choose among most of 479 NYC Middle schools and 418 NYC high schools. In

practice, students' choice is somewhat limited by schools' selection criteria that tend
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to favor high performing students and nearby applicants.

Since centralized assignment systems reconcile students' preferences with schools'

preferences, segregation is an equilibrium outcome of demand and supply side factors.

School choice may result in a segregated school system either because of students'

preferences (demand side) or because of schools' selection criteria (supply side). On

the demand side, students may prefer enrolling in schools with similar classmates

(Bjerre-Nielsen and Gandil (2020)) or close to their home (Laverde (2020)). In the

latter case, school segregation will arise as a consequence of residential segregation.

On the supply side, schools may implement admission criteria based on academic

achievement or residence that result in homogeneous student body. Both mechanisms

are likely to be important in NYC, which is one of the most residentially segregated

city (Reardon et al. (2008)) in the United States and where roughly a third of Middle

and High schools screen applicants on academic achievement.

The contemporary public debate over segregation in NYC often focuses on supply

side factors and, in particular, on the practice of screened admissions. Selective

enrollment schools are often accused to perpetuate racial and economic segregation, by

allowing white and upper income families to bypass mostly-minority and low-income

public schools (Hu and Harris (2018)).2 Nonetheless, the importance of screened

admission, as opposed to families' preferences or residential sorting, is not clear.

Conversely, selective schools could help retain White and high income students into

the public system. Indeed, screened schools came to prominence in the 1970s, when

the City was facing an exodus of mostly White and Asian middle class families from

the public school system.

In this paper, I study the contribution of screened admissions to the observed pat-

tern of segregation in NYC middle schools by analyzing admission reforms in two local

NYC school districts. In 2019, two of the 32 NYC school districts launched district-

wide integration plans which reduced the role of screens in middle school admissions.

2This viewpoint is re�ected in the New York Times' widely-followed 2020 podcast, Nice White
Parents.

https://www.nytimes.com/2020/07/23/podcasts/nice-white-parents-serial.html
https://www.nytimes.com/2020/07/23/podcasts/nice-white-parents-serial.html
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The Brooklyn Northwest district (district 15) eliminated traditional screening criteria

and set aside 52 percent of the seats in each school for students who are low-income,

English language learners, or homeless. At the same time, the Manhattan Upper

West Side district (district 3) kept screened admission but set aside 25 percent of

seats in each school for students who come from low-income families and earned low

grades in elementary school.

I take advantage of student-level application and enrollment administrative data

to disentangle the channels through which the two integration plans a�ect school

segregation. This comprehensive data allows me to analyze how applicants adapt

their application and enrollment behavior to changes in selective admissions, and

how applicants' behavioral responses amplify or diminish the plans' e�ects on school

segregation. In particular, I focus on changes in enrollment outside the public school

sector and in the preferences applicants submit to the central assignment system.

I �nd that Northwest Brooklyn's integration plan substantially decreased eco-

nomic and racial segregation at the district's schools. Applicants residing in the

district attended middle schools that were 24 % less economically segregated and 16

% less racially segregated. On the other hand, Manhattan Upper West Side's integra-

tion plan was less successful and only decreased economic segregation by 9 %. The

more substantial impact of Northwest Brooklyn's plan is consistent with the more

far-reaching nature of its plan. On the other hand, the larger decline in economic

segregation than in racial segregation is consistent with the fact that both integration

plans targeted directly low-income students.

Despite their di�erences in �nal impact, both integration plans elicited impor-

tant behavioral responses from applicants. During the application stage, families

responded to the integration plans by changing the ranked order list of schools they

submit to the central assignment system. During the enrollment phase, White appli-

cants and higher-income applicants were much more likely to turn down their match

o�er and enroll outside the public school system after the implementation of the plans.
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Overall, White student and higher-income student enrollment losses halved the

impact of the integration plans e�ects on racial and economical segregation in both

districts. On the other hand, the changes in ranked order lists reinforced the plans'

e�ects on diversity which resulted in twice more diverse match o�ers thanks to appli-

cants' behavioral response during the application period. Hence, applicant behavioral

response at the enrollment and assignment phases essentially cancelled out.

To understand how applicants would respond to alternative reforms of school

admissions, I try to identify the speci�c changes entailed by the integration plans

that caused applicants' responses. I show that changes in match o�ers' take-up rates

can be fully explained by changes in achievement of potential peers. White and

higher-income applicants were more likely to turn down their match o�er because

their assigned school would have, on average, lower achieving potential peers after

the implementation of the integration plans. Changes in application behaviors are

harder to explain without explicitly modelling applicants' formation of ranked order

list. Nonetheless, developing and estimating a model of applicants' choice is beyond

the scope of the present paper.

The rest of the paper is organized as follows. Section ?? describes the NYC

school assignment system and the data. Section 2.3 details the measure of segregation

used throughout the paper and describes NYC residential and school segregation.

Section 2.4 discusses the integration plans and explains the channels through which

the integration plans may a�ect school economic and racial segregation. Section 2.5

presents the e�ects of the integration plans on school diversity. This section also

details applicants' response to the plans. Section 2.6 concludes.
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2.2 Background

2.2.1 The NYC middle school match

The NYC public school system counts 450 middle schools which enroll 70 000 new

6th graders each fall. In the preceding winter, rising 5th graders submit applications

to NYC public middle schools through a centralized admission system run by the

NYC Department of Education (DOE). Applicants apply to academic programs and

are asked to rank them by order of preference. Subsequently, academic programs

also submit a ranking of all their applicants. A school may operate more than one

program. In the spring, the centralized admission system combines the information

and makes a single school o�er to each applicant.

Since 2003, the NYC DOE uses Deferred Acceptance (DA) to reconcile student and

school preferences. Applicants that are unassigned at the end of DA are manually

placed in programs with extra seats based on geographic proximity and expressed

interests. About 92 % of students that completed their application3 are matched in

the main round. Finally, 12 % of students appeal their �nal o�er. In this case, they

submit a new rank ordered list of up to three programs (which may include programs

they had applied for) and receive a new tiebreaker which is used to run a second

round of DA. Nonetheless, less than 10% of those receive a new o�er.

Applicants report their preferences to the mechanism through a ranked-order list,

which was limited to 12 choices in 2017. To support families in the application process,

The NYC DOE provides both a physical admission guide and access to a personalized

website. Besides practical guidance on the application process, the guides include

an information page about each school applicants may be eligible for. A school's

information page includes a brief statement of its mission; a list of o�ered programs,

courses and extracurricular activities; the performance of its students on standardized

tests; admission priorities and selection criteria for each of its programs; the number

3The NYC DOE includes in the match any public school students enrolled in 5th grade even if
they did not log-in to the application website and/or did not rank any school.
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of applicants per seat and the priority of last admitted applicant. The DOE also

issues annual school reports that list basic demographics, teacher characteristics, and

detailed statistics about performance levels and environment.

Each academic program has speci�c eligibility and admission criteria. Based on

the factors used to rank applicants, programs may be classi�ed in two broad cate-

gories: screened and unscreened. Both screened and unscreened programs may rank

groups of students based on program-speci�c priorities, related to applicants' residen-

tial zones, school at the time of application and, rarely, attendance to an information

session. However, only screened programs may also rank individual students based on

prior grades, standardized test scores, talent tests scores and attendance at the pre-

vious school. Ties between applicants with the same rank are broken using a unique

tiebreaker.

Contrary to NYC high schools, NYC middle schools are intended to serve students

living in their neighborhood. Most middle schools only consider applicants from

speci�c residential areas or give priority to local students. In 2018, 83% of programs

had zone or district eligibility requirements, 14% were borough-wide programs and

only the remaining 3% were city-wide programs. In addition, 23 % of borough-wide or

city-wide programs gave priority to applicants residing or attending school in speci�c

districts. Because of these rules, 85% of students attend a middle school in their

district.

2.2.2 Data

The data for this paper is obtained from the DOE administrative information system.

It covers all students enrolled in the New York City public school system. These data

include the application and match data for NYC middle schools for enrollment years

2015-2016 to 2019-2020. The application and match �les contain information on ap-

plicant's choices, applicants' priorities and rankings at the programs they applied to,

applicants' main round o�er, manual o�er if applicable, and �nal o�er. All applicants
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receive a �nal o�er. The data also contains information about the disability status of

the applicant as students with disabilities are matched to speci�c seats. I am able to

replicate the main round o�ers received by 93% of applicants in the 2015-2016 match

and by 99% of applicants in the most recent matches.

The application data can be matched through a unique identi�er to data on school

enrollment, students' demographics, standardized test scores, and residential location.

The DOE collects school enrollment data in June of each year. Besides the grade and

school enrolled4, the data also contains information about the ethnicity, the poverty

status which proxies for free or reduced price lunch (FRPL) status, and English

language learner (ELL) status of each NYC student. The test score �les include the

results to NY State ELA and math standardized tests administered in grades 3 to 8.

A performance level of 1, 2 ,3 , or 4 is associated to each scaled score. Students that

score above 3, which corresponds roughly to a performance in the 60th percentile, are

considered high performers. Finally, the DOE provided students' census tract and

zip code of residence. The distance to schools is computed as the �ying air distance

between the centroid of a student's census tract and each school.

2.3 Segregation in NYC

Although residential segregation appears to have decreased since its peak in the

1970's (Cutler et al. (1999)), American cities remain substantially segregated by race

(Platt Boustan (2012)) and New York City is not an exception. Reardon et al. (2008)

describes racial segregation in the 40 largest U.S metropolitan areas at di�erent geo-

graphic scales. NYC is amongst the �ve most segregated metropolises when consid-

ering small neighborhoods of 500m radius. Nonetheless, the city fares better when

segregation is measured at 4000m scale. In other words, the segregation patterns in

4The school enrolled corresponds to the last school a student was enrolled in during the academic
year. Students that leave the NYC public school system mid-year have as school of enrollment the
latest NYC public school they attended.
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NYC are due more to small-scale variation in racial composition than to large-scale

variation.

School choice may ameliorate the segregation inherent to neighborhood schools

by allowing students to attend more distant schools. The policy has more leverage

when segregation is at smaller scale level, as in NYC, since students do not need to

travel long distances to mix with di�erent peers.

The scope for within-district choice to increase integration may be limited by the

share of non-minority students remaining in the district. Desegregation plans in the

1970's and 1980's were associated with signi�cant white enrollment losses that o�set

part of the plans e�ect (Reber (2005)). Nonetheless, the NYC 6th grade population

was still one third white or Asian in 2018. This suggests substantial scope for school

choice to a�ect racial mixing in NYC middle schools.

2.3.1 Measure of Segregation

I use an isolation index to measure segregation. The index corresponds to the proba-

bility that a member of one group meets a member of the same group within a given

geographical unit. Let Xi be a dummy corresponding to an applicant's characteristic

(e.g. being White) and Si denote the geographic unit to which an applicant belongs

(e.g. a neighborhood or a school). The isolation index for Whites is the expected

share of Whites at the neighborhood or school level weighted by the distribution of

whites across neighborhoods or schools.

IX = E[E[X|S]|X] (2.1)

To assess the level of integration, the isolation index has to be compared to the

marginal distribution of the groups in the population studied. Indeed, if groups are

identically distributed across locations, the index is equal to the marginal probability
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of each group in the population.5 On the other hand, if groups are perfectly seg-

regated, the index takes a value of 1. Therefore, I often standardize the isolation

index by the group marginal probability in the population of interest. The stan-

dardized isolation index can be interpreted as the percentage deviation from perfect

integration.

SIX =
E[E[X|S]|X]− E[X]

1− E[X]
(2.2)

2.3.2 NYC Residential and School Segregation

Table 2.3.1: NYC Segregation in 2018

Isolation index for di�erent geographical units
Marginal dist. Census School Possible MS assignment

NYC tract district Real match No screen match
(1) (2) (3) (4) (5)

Black 0.22 0.54 0.40 0.48 0.47
Hispanic 0.41 0.59 0.52 0.57 0.56

Black + Hispanic 0.64 0.80 0.73 0.78 0.77

Asian 0.18 0.47 0.32 0.40 0.39
White 0.16 0.48 0.28 0.40 0.38

FRPL 0.75 0.81 0.77 0.80 0.80

N 78,723 78,723 78,723 78,723 78,723

Note: This table reports isolation indexes for di�erent demographic groups and di�erent geographic
units in NYC in 2018. The isolation index corresponds to the probability that a student's peer in
a given geographical unit is of the same group as hers. Columns 1, 2 and 3 report the probability
that this happens at the scale of the city, the census tract and school district, and columns 3 and 4
at the scale of the middle school. The sample is restricted to 6th grade applicants o�ered or enrolled
in match schools who have non-missing demographic information. Columns (4) and (5) consider
the school the student is o�ered in the match when available (92% of cases). The school o�ered
in column (5) results from a simulation of the match where schools can rank students using only
tie-breakers.

5At the population level, the index simpli�es to the marginal distribution.
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Table 2.3.1 documents the extent of residential and school segregation of middle

school applicants in 2018. As the second column shows, residential segregation at

the census tract level is substantial. For instance, although roughly 22 % of NYC's

middle schools applicants are Black, more than half of a Black applicant's census

tract neighbors are Black. The pattern is even more pronounced for White and Asian

applicants: half of an Asian or White applicant's neighbors are of her same race when

only approximately 15 % are so at the city level. The segregation is also economical

as FRPL applicants also tend to be slightly more represented in some census tracts.

Residential segregation, as measured by the isolation index, falls when computed

at the school district level. For example, columns 2-3 show that the share of neigh-

boring students of the same-race for White or Asian students is down from around

50% in the same census tract to roughly 30% in the same school district. Since most

students attend a middle school in their district of residence, the school district iso-

lation indexes constitute a more relevant benchmark to evaluate school segregation

than city-level proportions.

Schools appear to facilitate integration as same-race exposure is smaller in schools

than at the census tract level. Nonetheless, schools are still segregated, even when

compared to school districts. Column 4 of Table 2.3.1 shows that around 40% of a

White or Asian 6th grader's classmates are White or Asian,6 which is halfway between

the census tract and district levels' values. The same pattern holds for every race

as well as for FRPL status. Overall, the NYC centralized seat assignment results

in middle schools which are less diverse than school districts. In other words, the

match fails to achieve the potential level of integration that eligibility and priority

rules would allow.

6Classmates are de�ned as match participants who receive the same school o�er or non match
participants that enroll in the school. Hence, the measure does not account for the e�ect of appli-
cants' take up of match o�ers on school segregation.
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2.3.3 Why does school choice fail to integrate?

"School choice" may result in a segregated school system either because of students'

preferences (demand side) or because of schools' selection criteria (supply side). Stu-

dents may prefer enrolling in schools with similar classmates or very close to their

homes (Laverde (2020)). In the latter case, school segregation arises as a consequence

of residential segregation. On the other hand, schools may implement admission cri-

teria that result in a homogeneous student body. In NYC, both channels could be

important as 33% of middle schools screen their applicants on academic achievement

and behavioral measures.

To isolate the contribution of screening to school segregation, I simulate a counter-

factual central school assignment assuming NYC middle schools had not used screens

but applicants' preferences had remained unchanged. Speci�cally, I simulate the

mechanism using the ranked order lists submitted to the DOE but ranking applicants

at each program uniquely based on their priority and tiebreaker.7 As column 5 of

Table 2.3.1 shows, the simulated assignment does not display much more integra-

tion than the actual match. For instance, the probability that a White or Asian 6th

grader's classmate is of the same race falls from 0.40 in the real match to 0.38 in

the simulated match. According to these estimates, screening appears to account for

about only 10 % of the di�erence between district level and school level segregation

measures while the remaining di�erence is explained by applicants' preferences.

Nonetheless, the validity of the simulation's results relies upon the assumption

that application behavior is una�ected by changes in programs' ranking criteria. This

assumption is unlikely to hold if applicants incur a small cost when applying to each

additional program. Indeed, Fack et al. (2019) underlines that, in the presence of

an application cost, DA is not weakly strategy proof as applicants are better o�

omitting unlikely choices and limiting the length of their list if their �rst choices

7To make sure that all applicants receive an o�er, I extend applicants' ranked order list to
include all programs to which applicants are eligible. The added programs are ranked by proximity
and appended to the end of the submitted rank order lists.
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appear likely. Since abolishing screens substantially a�ects admission probabilities at

screened programs, it is plausible that applicants would have modi�ed their ranked

order list in response to the change. The simulation is thus insu�cient to identify the

contribution of both schools' screens and students' preferences to school segregation.

The remainder of the paper takes advantage of a natural experiment in two NYC

districts to get a more accurate decomposition.

2.4 NYC integration plans

2.4.1 Description of the integration plans

Since 2017, some of NYC middle schools are participating in a "Diversity in Admis-

sion" initiative which aims at increasing diversity within their schools. This school-

based initiative encourages schools to give admission priority for part of their seats

to disadvantaged students. In practice, participating schools are free to decide the

portion of reserved seats and the group of students that receive admission priority for

reserved seats. Appendix table A1 describes the speci�c policies adopted by partici-

pating schools since 2017.

As part of this momentum, NYC school Districts 3 and 15 launched in 2019

district-wide "Diversity in Admission" initiatives that changed substantially pro-

grams' admission criteria for all district schools. Brooklyn's District 15 eliminated

screening criteria at all its middle schools, and started reserving 52 percent of the

seats in each school for students who are low-income (eligible for reduced-price or

free lunch), English language learners, or homeless. Manhattan's District 3 plan rep-

resented a compromise between the traditional screened system and District 15's new

policy; students are still screened, but some schools set aside 25 percent of seats for

students who come from low-income families, struggle on state tests, or earn low re-

port card grades.8 The plans a�ected eleven middle schools in District 15 and sixteen

810 % of seats are reserved to FRPL-eligible students who score an average below 2 on a composite
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middle schools in District 3. Both districts began implementing the changes as stu-

dents applied for enrollment in the 2019-2020 school year. Although the details of the

plans di�ered across districts, their aims were similar: limit the extent of screening

to promote integration by expanding access to most selective schools, especially for

low income and minority students.

The adoption of these plans by districts 3 and 15 provide two natural experiments

to evaluate the impact of screens on school segregation. District-level plans are most

likely to have an impact when the distribution of students in district schools doesn't

match the demographics of the district, since they mostly a�ect the distribution of

students living in a district among schools in the same district. Both district 3 and

district 15 satisfy this condition. As shown in Table 2.4.1, both districts are more

diverse than the city. In particular, White students, who constitute respectively 40

% and 31 % of district 3 and 15's student populations, are twice more represented

in the two districts than city-wide. The two districts have also the lowest shares of

FRPL students in NYC, at about 42% and 54%.

Yet, prior to the adoption of the plans, schools in both districts were also more

racially and economically segregated than schools in other NYC districts. Prior to

2019, Black and Hispanic students' standardized isolation indexes reached values of

0.44 in district 3 and 0.26 in district 15 against 0.03 on average in NYC. Similarly,

FRPL students' isolation was equal to 0.47 in district 3 and 0.34 in district 15 com-

pared to 0.08 citywide. Moreover, admission screens were particularly prevalent in

both districts before the reforms. Prior to 2019, 57% of district 3 programs and 80%

of district 15 programs screened their applicants on grades and behavioral measures,

while only 33% of NYC programs did so. Hence, if admission screens play an impor-

tant role in school segregation, reducing their role in these two districts should result

in a substantial increase in school diversity.

Studying district level plans allows one to assess the consequences of screens more

of 4th grade math and ELA scores and 15 % of seats are reserved to FRPL-eligible students who
earn an average between 2 and 3 on the same composite score
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Table 2.4.1: Characteristics of District 3 and District 15

NYC D3 D15
(1) (2) (3)

Panel A: Characteristics of Schools and Applicants
# of middle schools 491 20 11
# of programs 686 21 13
% of screened programs 33% 57% 80%

# of applicants 71512 1134 2536
% Asian applicants 0.18 0.07 0.22
% Black applicants 0.23 0.20 0.06
% Hispanic applicants 0.41 0.29 0.38
% White applicants 0.16 0.40 0.31
% FRPL applicants 0.72 0.42 0.54
% ELL applicants 0.13 0.05 0.16
Applicants mean math pro�ciency 2.8 3.3 3.1
Applicants mean english pro�ciency 2.7 3.1 2.9

Panel B: Standardized School Isolation index
Black + Hispanic 0.03 0.44 0.26
White 0.17 0.22 0.19
FRPL 0.08 0.47 0.34

Note: This table presents the characteristics of NYC school districts. Column (1) includes all NYC
middle school applicants, while columns (2) and (3) include applicants residing in district 3 and
district 15 respectively at the time of application. Panel A describes the population of middle school
applicants that enroll in 6th grade in years 2015-2018. The number of schools and programs cor-
respond to the average number of schools and programs in each year, not to the total number of
schools and programs that ever existed. Mean math and English pro�ciency are computed based
on the pro�ciency level obtained in 4th grade state tests. Panel B presents the standardized school
isolation index for three groups of applicants (Black and Hispanic, White and FRPL). Standard-
ized school isolation indexes are computed for each NYC district separately by standardizing each
group's school isolation index by its share among applicants residing in the district. The average
standardized school isolation index for NYC corresponds to the average of district-level standardized
school isolation indexes weighted by the share of NYC students of each group living in each district.

accurately than analyzing school-level pilots. It is unlikely for applicants to gain

admission at a school out of their district, while it is easy to not apply to a single

school. Hence, if reducing screens improves integration, we should observe an increase

in integration in both districts as students are constrained to mix within their district
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or to leave the public school system altogether. In addition, these district-level policies

allow one to evaluate how screening a�ects the retention of more advantaged and

White students in the public school system.

2.4.2 How did the integration plans impact school diversity?

The district 3 and 15 plans aimed at increasing school diversity by changing admission

criteria. To this aim, both plans lowered admission barriers at selective schools for

low income (FRPL) students with low baseline test scores. Speci�cally, the district

3 plan increases admission odds of FRPL applicants with low baseline test scores at

screened schools by reserving them seats. On the other hand, the district 15 plan

increases their odds of admission at previously screened schools by cancelling screens

and reserving seats to low-income students.

As a consequence, the plans decreased admission probabilities at competitive

schools for non-FRPL applicants with high baseline test scores. Indeed, these stu-

dents had high admission odds prior to the plans because of their test scores, and

they are not eligible for the reserves created by the plans. Table 2.4.2 summarizes the

e�ects of the integration plans on admission probabilities for students with di�erent

FRPL status and baseline test scores.

Table 2.4.2: Changes in Admission Probabilities Due to the Integration Plans

FRPL students non-FRPL students
District 3

Low baseline test scores ↑ ↓
High baseline test scores ↓ ↓

District 15
Low baseline test scores ↑ Ambiguous
High baseline test scores Ambiguous ↓

While both integration plans target directly economic segregation, by increasing
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the admission odds of some low-income students, they may also a�ect racial segre-

gation. Black and Hispanic students are more likely to bene�t from the changes in

admission odds as they are often FRPL-eligible and have lower baseline test scores on

average.9 Hence, approximately 70% of district 3 Black and Hispanic students and

50% of district 15 Black and Hispanic students are eligible for the reserves created

under the integration plans. By contrast, only 3% and 15% of White students qualify

to the reserve in district 3 and district 15 respectively. It follows that both integration

plans could reduce racial segregation as well as economic segregation.

The extent to which both plans increase diversity at the districts' schools depends

not only on the plans themselves but also on students' application and enrollment

behaviors. Considering the structure of NYC middle school match, a change in ad-

mission scheme corresponds to a change in the preferences of schools in the match.

As shown in the �ow chart of Figure 2.4.1, school preferences a�ect which students

enroll in each school through DA o�ers. Students' behavior in�uences the enrollment

e�ect of a change in school preferences by impacting both which DA o�ers are made

and which DA o�ers get translated into enrollment.

As DA reconciles schools and students' preferences, students' preferences a�ect the

extent to which a change in schools' admission criteria may translate into more diverse

o�ers. Changing admission criteria cannot increase diversity if students only apply to

schools attended by similar peers. As such, districts 3 and 15 plans' e�ect on diversity

relies upon the fact that low income and minority applicants apply to schools enrolling

mostly high income and non-minority students. On top of pre-existing application

patterns, students may modify the ranked order lists they submit to the mechanism

in response to the change in admission criteria, which will a�ect further the o�ers

made by the mechanism.

Students might impact the e�ect of the plans on school diversity also through their

decision of taking-up their match o�er. Once they receive their �nal o�er from the

9See Appendix table A2 for a description of students' characteristics by race.
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Figure 2.4.1: From admission criteria to �nal enrollment

match, students may decide whether to enroll in their o�ered school or in a school

outside the public school system. Students' take up decisions a�ect which match

o�ers get translated into enrollment. Hence, applicants' take-up behavior determines

whether match o�ers are more or less diverse than actual enrollment. As such, a

change in applicants' take up in response to the diversity plans will a�ect its �nal

e�ect on school diversity.

Depending on the nature and extent of applicants' behavioral responses, the e�ect

of a change in admission criteria on school diversity could be ampli�ed or diminished.

For instance, if high income applicants assigned to schools enrolling a majority of

low income applicants systematically reject their o�er and exit the public school

system, then the change in admission criteria will not result in an increase in school

diversity. On contrary, school diversity could even decrease as fewer high income

applicants attend public schools. On the other hand, if low income applicants start

listing competitive schools because they anticipate a higher probability of admission

or a more welcoming environment, then the e�ect of the plans on diversity will be

reinforced.
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2.5 Impact of the integration plans

2.5.1 Total e�ects on school diversity

As a �rst step in the analysis, I consider the total e�ect on diversity of both inte-

gration plans. In an early evaluation of the plans, Margolis et al. (2020) �nd large

statistically signi�cant e�ect of the D15 integration plan. According to their analysis,

economic segregation and racial segregation in district 15 decreased by 55% and 38%

respectively. On the other hand, they �nd no evidence of a statistically signi�cant

impact of the district 3 integration plan.

Nonetheless, the scope of their analysis is limited by their use of school level

enrollment data. They measure within-district school segregation as the the mean

absolute percentage point di�erence between the proportion of a particular group of

students enrolled in each school and the district. Since their segregation index is

with respect to the population of students that enrolled in district schools, it cannot

account for potential changes in the demographic composition of students enrolling

in the district. In particular, it cannot capture the e�ect on segregation of students

enrolling in schools outside their district in response to the plans. If many white

and high-income students exit their district, the segregation indexes for minority and

low-income students would be lower because their share among students enrolled in

the district rose.

To take into account changes in the demographics of students enrolling in each

district, I standardize the school isolation index for each group by the proportion of

applicants residing in the district belonging to the group. This standardization with

respect to the population of students residing in the district allows me to control for

changes in applicants' demographics makeup in each district over time while taking

into account changes in students' exit behaviors. Hence, this guarantees that within-

district minority students' and low-income students' isolation is larger if more non-

minority and high-income students enrolls schools outside their district of residence.
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Figure 2.5.1: Evolution of Standardized School Isolation Indexes for FRPL and Mi-
nority Students

(a) Free and reduced price lunch students (b) Minority students

Note: These �gures plot the evolution of school standardized isolation indexes for district 3, district
15 and other NYC districts between 2015 and 2020. Panel A displays the standardized index for
applicants classi�ed as disadvantaged by the DOE, a proxy for FRPL status. Panel B displays the
standardized index for Black, Hispanic, Native American and multi-racial applicants. To obtain the
plotted values, school isolation indexes are standardized by the share of students belonging to the
group considered among applicants residing in the district. The standardized school isolation index
for other NYC districts correspond to the weighted average of district level standardized indexes,
with weights equal to the shares of NYC students belonging to the group considered residing in each
district. Dashed lines give the value of the standardized school isolation index at the o�er stage, that
is if all students were to enroll in the school they are o�ered in the match. Solid lines correspond to
the value of the index after enrollment. Students that leave the NYC public school system are not
considered to compute the school isolation index but are included in the standardization.

Figure 2.5.1 shows the trends in the school standardized isolation indexes for

FRPL students (panel a) and ,minority students (panel b) in district 3, district 15

and other NYC districts. Prior to the integration plans, economic segregation in both

districts had remained fairly stable, with some year-to-year variation. On the other

hand, racial segregation was stable in district 15 prior to the plan implementation
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but was already on a declining trend in district 3. Thus, a further decline in racial

segregation in district 3 could be due to factors unrelated to the integration plans.

The plans resulted in a decrease in economic segregation in both districts, although

the drop was larger in district 15. In 2019, the �rst year of its integration plan, FRPL

isolation at the school of enrollment in District 3 dropped by 9% from the prior year's

level of segregation. In the same year, FRPL isolation in District 15 dropped by 24%.

The more substantial impact of district 15 plan on economic segregation follows from

the more far-reaching nature of its plan, which eliminated screening at all middle

schools and reserved 52% of seats for more disadvantaged students.

The integration plans also resulted in a decrease in racial segregation in district 15,

albeit to a lesser extent. The Black and Hispanic isolation index decreased by 16% in

district 15 between 2018 and 2019. The larger declines in economic segregation than

in racial segregation are consistent with the fact that both integration plans targeted

directly low-income students.

The decrease in racial segregation in D15 after the plans' implementation occurred

mainly as a result of Hispanic and White students attending more integrated schools.

As shown in Figure 2.5.2, the school standardized isolation index fell by 72% for

White students and by 19% for Hispanic students in D15 after the reforms. On the

other hand, there was no noticeable change for Asian and Black students (appendix

�gure A1).

Although there was no change in minority students' isolation in district 3, isolation

decreased by 49% for white students. This apparent inconsistency arises from the

fact, which will be explored in detail in the next section, that a larger share of white

students exit public school after the implementation of the integration plan. As a

result of this selective attrition, White students remaining in the district attended

schools that enrolled fewer white students on average. Their school of enrollment had

thus on average a share of White students closer to the share of White applicants

residing in the district. A similar substantial increase in White students' exit also
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explains the very sharp drop in isolation for Whites in district 15 after the plan

implementation.

Figure 2.5.2: Evolution of Standardized School Isolation Indexes for White and His-
panic Students

(a) White students (b) Hispanic students

Note: These �gures plot the evolution of school standardized isolation indexes for district 3, district
15 and other NYC districts between 2015 and 2020. Panel A displays the standardized index for
White applicants. Panel B displays the standardized index for Hispanic applicants. Standardized
school isolation indexes are computed as in �gure 2.5.1.

From Figures 2.5.1 and 2.5.2, we can see that the economic segregation index

declined in District 15 and 3 in 2019-20. However, we also see a fair amount of year-

to-year volatility prior to 2019-20, even though no district-wide integration plan was

being implemented. Inference on district-level indexes is challenging as each district-

year combination corresponds to only one observation. To get a sense of how much

�noise� we might expect in the isolation indexes, Figure 2.5.3 plots the trends in stan-

dardized school isolation indexes for each NYC district. For each district, segregation
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indexes are normalized to zero for 2018, the year prior to the implementation of the

integration plans. To get a more accurate comparison between districts, the plot for

each demographic group includes only districts in which at least 10% and no more

than 90% of the student population belongs to the group.10

From the �gure, it appears that the district 15 decline in economic and racial

segregation is most likely attributable to its integration plan. Compared to other

NYC districts, district 15 had among the largest drop in isolation in 2019 for all

demographic groups. Moreover, the district had amongst the smallest variations for

years prior to the plan implementation. Hence, the drop in district 15 isolation indexes

is not likely due to chance or pre-existing trends.

The evidence is less convincing for district 3, where the standardized isolation

index for both FRPL and minority students were in a declining trend prior to the

implementation of the diversity plan. The pre-existing declining trend is particularly

marked for Black and Hispanic students, for which district 3 has amongst the largest

values two and three years prior to the intervention. Moreover, the 2019 decline in

isolation for minority students and Hispanic students is only modest compared to

other districts. While it is plausible that the decrease in economic segregation in

district 3 resulted from its integration plan, the decrease in racial segregation appears

to be limited and within the bounds of typical year-to-year �uctuations.

Taken as a whole, the analyses presented here provides evidence that District 15's

policy decreased economic segregation, as it was designed, and also had an indirect

smaller impact on reducing racial segregation. In District 3, we see little evidence of

a decrease in economic or racial segregation. While the point estimate for economic

segregation is negative, it seems within the bounds of ordinary year-to-year noise.

These results are consistent with Margolis et al. (2020) but much smaller in mag-

nitude. The di�erence in magnitude arises from the fact that my standardization

10As it is divided by one minus the share of the group in the population, the normalized isolation
index is sensitive to small changes in this share when the share is large. On the other hand, the
isolation index depends on the choice of few students when the share is small.
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Figure 2.5.3: Comparison of Changes in Standardized School Isolation Indexes in all
NYC Districts

(a) Free and reduced price lunch students (b) Minority students

(c) White students (d) Hispanic students

Note: These �gures plot changes in standardized school isolation index with respect to 2018 for
all NYC districts. Panel A considers the index for FRPL eligible applicants, panel B for Black,
Hispanic, Native American and multi-racial applicants, panel C for White applicants, and Panel D
for Hispanic applicants. Each plot only includes districts in which at least 10% and no more than
90% of the student population belongs to the group considered. The data is also winsorized by
excluding districts that display variations in standardized school isolation index larger than 10 %
prior to 2018.

takes into account the e�ect of exits. Indeed, if one were to consider segregation at

the match o�ers stage as shown in dashed lines in the graphs, the decline in economics

and racial segregation would be close to the ones founds in Margolis et al. (2020).
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The gap between segregation at the o�er stage and enrollment stage widened after the

implementation of the plans, pointing to the fact that changes in take up behaviors

might have mitigated the e�ects of the reforms on diversity.

2.5.2 E�ects on applicants' exit from the public school system

Reber (2005) documents the substantial decline in White students enrollment follow-

ing the implementation of court-ordered segregation plans in the 1970's and 1980's.

Since these plans, the demographic make-up of urban school districts has changed

signi�cantly as Black and White students have been progressively replaced by His-

panic and Asian students. In 2018, only 38% of NYC middle school students were

either Black or White. Given this di�erence in context, it is not obvious that district

3 and district 15 integration plans would lead to similar �ights than those observed

in the 1970's and 1980's.

Nonetheless, the di�erences in e�ects of the integration plans on segregation at

the match o�er stage and enrollment stage hint to an increase in the share of White

students and high-income students enrolling outside of NYC public schools. Indeed,

computing isolation indexes based on match o�ers corresponds to assuming perfect

take-up of o�ers. According to �gure 2, changes in o�er take-up reduced the decrease

in economic segregation by 25 p.p. and the decrease in racial segregation by 15 p.p

in both districts.

To estimate the e�ect of the integration plans on applicants' take up behavior,

I implement a di�erences-in-di�erences regression that controls for district and year

�xed e�ects. Speci�cally, I estimate the following regression

Yitd = λt + δd + β1I(d = 3)× I(t = 2019) + β2I(d = 15)× I(t = 2019) + εitd (2.3)

where λt and δd are year and district �xed e�ects. Yitd is a dummy that takes
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a value of 1 when applicant i residing in district d enrolls in a school outside the

public sector in year t. β1 and β2 capture the increase or decrease in the probability

that students attend a school outside the traditional public school sector after the

implementation of the integration plans.11

The di�erences-in-di�erences estimates presented in panel A of Table 2.5.1 suggest

that both integration plans substantially a�ected applicants' enrollment decision. In

particular, the plans resulted in a large increase in the shares of White students and

non-FRPL students enrolling outside the public school system. Both shares went up

by almost 7 p.p. in district 3 and by almost 8 p.p. in district 15. On the other

hand, the integration plans had limited e�ects on exit from public school for Black,

Hispanic, Asian and FRPL students. The point estimates for most of these students

were close to zero and insigni�cant in both districts. The only exceptions are Asian

students in district 3, who were 9 p.p. more likely to exit the public school system,

and Black students in district 15, who were 7 p.p. less likely to exit the public school

system. Nonetheless, these changes in Asian students and Black students' exit had

limited impact on the district overall, as Asian students an Black students represent

less than 7% of applicants in district 3 and district 15 respectively.

Can this decrease in o�er take-up for White and non-FRPL students be rational-

ized by these applicants getting less desirable assignments as a result of the integra-

tion plans? As emphasized in the previous section, both integration plans entailed

a decrease in admission odds at more competitive programs for most White and

non-FRPL students. As suggested by panel A of Table 2.5.2, these lower admission

probabilities did lead to White applicants and non-FRPL applicants being admitted

to less preferred schools after the implementation of the integration plans. Compared

to previous years, White applicants and non-FRPL applicants were o�ered on average

a choice ranked 0.7 and 1.4 position lower in their list in district 3 and district 15

respectively.

11I consider Charter schools to be outside the traditional public school sector as they do not take
part in the match and the NYC DOE only collects partial enrollment data for these schools.
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Table 2.5.1: D-in-D Estimates of Changes in Out-of-district Enrollment

Probability of exiting the public school system
All Black Hispanic Asian White FRPL non-FRPL
(1) (2) (3) (4) (5) (6) (7)

D3 × 2019 0.04*** -0.01 0.04* 0.09** 0.06*** 0.00 0.07***
(0.01) (0.03) (0.02) (0.05) (0.02) (0.02) (0.02)

D15 × 2019 0.03*** -0.07** 0.01 -0.00 0.08*** -0.01 0.08***
(0.01) (0.03) (0.01) (0.01) (0.02) (0.01) (0.01)

mean D3 pre-2019 0.10 0.13 0.07 0.12 0.10 0.09 0.11
mean D15 pre-2019 0.12 0.18 0.09 0.07 0.18 0.09 0.17

N 332,491 73,261 136,303 60,515 56,173 239,494 92,997

Note: This table reports di�erences-in-di�erences estimates of integration plan e�ects for 2015-2019
middle school applicants. The endogeneous variable is the interaction of dummies for residing in
district 3 and district 15 and applying for admission in 2019. The dependent variable is a dummy
equal to one for applicants that do not enroll in a NYC public school at any point of the school year
following admission in middle school. The last two rows report the mean of the dependent variable
among 2015-2018 applicants. All models control for year and district �xed e�ects. Robust standard
errors on year are reported in parentheses. * signi�cant at 10%; ** signi�cant at 5%; *** signi�cant
at 1%. .

Nonetheless, this change in the rank of the o�er obtained might not capture a

change in the desirability of the o�er obtained if applicants adapted their list in re-

sponse to the integration plans. Hence, panel B of Table 2.5.2 considers the e�ect

of the plans on a proxy for school desirability: the mean math baseline test score of

o�ered students.12 This choice of proxy is motivated by Abdulkadiro§lu et al. (2020)

which �nd that peer achievement is the main determinant of NYC high school pop-

ularity. Results using potential peers mean baseline achievement are consistent with

panel A estimates. The mean peer math test score o�ered to White applicants and

non-FRPL applicants was about 0.25 standard deviation lower compared to previous

years after the implementation of the diversity plans.

12I use 5th grade math achievement since fewer students have a missing math test score than a
missing English test score. The peer mean math baseline test score is computed leaving out each
student to avoid simultaneity bias.
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Table 2.5.2: D-in-D Estimates of Changes in Desirability of Assigned School

All Black Hispanic Asian White FRPL non-FRPL
(1) (2) (3) (4) (5) (6) (7)

Panel A: Applicant's rank of match o�er
D3 × 2019 0.49*** 0.19 0.23** 1.00*** 0.72*** 0.13* 0.67***

(0.05) (0.12) (0.10) (0.22) (0.08) (0.08) (0.08)
D15 × 2019 0.55*** -0.32** -0.01 0.05 1.41*** -0.11** 1.35***

(0.05) (0.13) (0.06) (0.11) (0.11) (0.05) (0.10)

mean D3 pre-2019 1.56 1.89 1.69 1.54 1.51 1.81 1.52
mean D15 pre-2019 2.13 2.23 1.90 2.53 2.30 2.10 2.33

Panel B: Mean math baseline test score of match o�er peers
D3 × 2019 -0.11*** -0.04 -0.01 -0.24*** -0.23*** 0.07** -0.23***

(0.02) (0.05) (0.04) (0.07) (0.02) (0.03) (0.02)
D15 × 2019 -0.10*** -0.01 0.02** -0.05*** -0.25*** 0.03*** -0.24***

(0.01) (0.03) (0.01) (0.02) (0.01) (0.01) (0.01)

mean D3 pre-2019 0.37 -0.16 0.05 0.81 0.77 -0.11 0.72
mean D15 pre-2019 0.31 0.19 0.11 0.36 0.550 0.15 0.51

N 396,958 85,967 163,110 72,553 67,453 286,690 110,268

Note: This table reports di�erences-in-di�erences estimates of integration plans e�ects for 2015-2020
middle school applicants. In all panels, the endogeneous variable is the interaction of dummies for
residing in district 3 or district 15 and applying for admission in 2019. Panel A dependent variable
indicates the ranking of the school applicants were assigned to in the match. If an applicant is
assigned through manual placement to a choice she did not listed, the variables takes the value of
the length of her list plus one. Panel B dependent variable is the leave-out mean 5th grade math
test score among applicants o�ered the same school by the match. The last two rows of each panel
report the mean of the dependent variable among 2015-2018 applicants. All models control for year
and district �xed e�ects. Robust standard errors on year are reported in parentheses. * signi�cant
at 10%; ** signi�cant at 5%; *** signi�cant at 1%. .

Table 2.5.2 provides suggestive evidence that the changes in student enrollment

due to the plans are associated with changes in the desirability of the school obtained

through the match. To push it one step further, I investigate whether all the changes

in o�ers take up are mediated through changes in the characteristics of potential peers.

Let Witd be a characteristic of the o�er received by student i residing in district d
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and applying in year t. For instance, Witd is the average baseline math test score

of applicants that received the same match o�er as student i. If the o�er take-up

decision depends on Witd and students characteristics Xitd, it can be summarized by

a multivariate function which can be approximated by an additive linear probability

model.

E[Yitd|Witd, Xitd] = λt + γd + µWitd +X ′itdπ (2.4)

Under this model, district 3 and district 15 plans provide with exogenous variation

in Witd. So equation 2.4 can be estimated using the integration plans as instruments

for Witd. Let Zitd denote district 3 reform instrument, i.e. the interaction of the

2019 dummy and the dummy for district 3. Excluding district 15 applicants from the

sample, the reduced form equation is

E[Yitd|Zitd, Xitd] = λt + γd + µE[Witd|Zitd, Xitd] +X ′itdπ (2.5)

Di�erencing by Zitd conditional on Xitd, we obtain:

E[Yitd|Zitd = 1, Xitd]−E[Yitd|Zitd = 0, Xitd] = µ(E[Witd|Zitd = 1, Xitd]−E[Witd|Zitd = 0, Xitd])

(2.6)

Equation 2.6 implies that the reduced form e�ect of instrument Zitd for each

Xitd and any Zitd is driven by the corresponding covariate-speci�c change in Witd

induced by Zitd. In other words, the covariate-speci�c reduced form e�ect of any

of the two integration plans on exit should be proportional to the corresponding

covariate-speci�c �rst stage e�ect of the plans on potential peers average math test

score. The slope of the line linking di�erences in exit rates due to the integration

plans to the corresponding di�erences in potential peers achievement is the causal

e�ect of potential peers achievement.
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The proportionality hypothesis embodied in equation 2.6 generates two sets of

testable restrictions. The �rst entails that IV estimates using district 3 reform and

district 15 reform as instruments for potential peers achievement should be equal. The

second is a constant-e�ects assumption which says that IV estimates across covariate-

de�ned subgroups should be equal. Both restrictions should hold if all the e�ect of

the integration plans on public school exit is mediated through a decrease in potential

peers achievement.

Table 2.5.3: 2SLS Estimates of Potential Peers Achievement E�ect on Exit from
Public School

Plans instruments with
Plans instruments covariate interactions

district 3 and district 3 and
district 3 district 15 district 15 district 3 district 15 district 15

(1) (2) (3) (4) (5) (6)

Potential peer -0.29** -0.35*** -0.33*** -0.20*** -0.30*** -0.27***
achievement (0.14) (0.09) (0.08) (0.06) (0.05) (0.04)

First stage F 4.8 14.1 18.3 11.1 32.3 41.8
Overid p-value 0.75 0.40 0.41 0.44
Overid DF 1 8 8 17

N 298,802 304,942 309,959 298,802 304,942 309,959

Note: This table reports alternative IV estimates of the e�ects of potential peers achievement on
the probability of exiting the public school system for 2015-2019 middle school applicants. Potential
peers achievement corresponds to the leave-out mean 5th grade math test score among applicants
o�ered the same school by the match. Estimates in columns (1) to (3) were computed by instru-
menting potential peers mean achievement by district 3 and district 15 integration plans. For the
estimates in columns (4) to (6), the instrument list includes the two integration plans plus inter-
actions with covariates (English learner, race, interactions of low baseline test scores with FRPL
eligibility). The table also reports �rst-stage F-statistics and overidenti�cation test p-values and
degrees of freedom. For each speci�cation, the sample is restricted to applicants with non-missing
covariates. Robust standard errors are reported in parentheses; * signi�cant at 10%; ** signi�cant
at 5%; *** signi�cant at 1%.

As a point of reference, Table 2.5.3 reports in columns (1) and (2) just-identi�ed

IV estimates computed using separately district 3 and district 15 integration plans to
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instrument potential peers achievement. The resulting estimates are similar, although

the estimate using district 3 reform is less precise due to the smaller �rst stage.

Being o�ered a school where peers perform 0.1 standard deviation better on average

decreases the probability of exiting the public school system by approximately 3 p.p.

As can be seen in column (3) in Table 2.5.3, 2SLS estimates using both districts

integration plans to instrument potential peers achievement are a little more precise

and qualitatively similar than the just-identi�ed estimates computed using district

15 reform alone. The overidentication test statistic associated with 2SLS procedure

that uses both district plans as instruments gives a formal test of the equality of IV

estimates computed using districts' plans as instruments one at a time. The p-value

for the overidenti�cation test rejects the hypothesis of a di�erence in estimates with

a value of 0.75.

The overidenti�cation test statistic associated with a 2SLS procedure that uses

the integration plans and plans-covariate interactions as instruments implicitly tests

equality of IV estimates computed separately for covariate subgroups. This test

therefore evaluates the second set of restrictions implied by equation 2.6. In column

(4), I �rst implement this test by instrumenting potential peers achievement with

district 3 plan and 8 covariate interactions, in a model that controls for covariate

main e�ects (as well as their interactions with district and year �xed e�ects). With 8

covariate interactions and an integration plan main e�ect in the instrument list, the

resulting overidenti�cation test has 8 degrees of freedom. The covariates used in the

estimation are dummies for English learner status, race and the interactions of low

baseline tests scores with Free and reduced price lunch eligibility.

The 2SLS estimate using district 3 plan and plan-covariate interactions as instru-

ments for potential peers achievement is similar to the one using district 3 integration

plan alone. Moreover, the overidenti�cation test statistic associated with the estimate

provide little evidence of di�erences in impact across covariate subgroups since its p-

value is 0.40. Column (5) of Table 2.5.3 also presents estimates computed using an
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instrument list that interacts district 15 plan with covariate subgroups. The overi-

denti�cation p-value again show little evidence of heterogeneous e�ects.

Finally, column (6) reports results from a 2SLS procedure that combines both

integration plans and the associated sets of covariate interactions for a total of 18

instruments. The resulting estimate lie between the corresponding 2SLS estimates

computed using covariate interactions with each district plan alone and is otherwise

close to the estimates using district plans alone. The overidenti�cation test statistics

for this model (with 17 degrees of freedom) o�ers little evidence against the homo-

geneity restrictions described by equation 2.6.

This remarkable homogeneity is re�ected in Figure 2.5.4, which presents a graph-

ical representation of 2SLS estimates with covariate interactions in the instrument

list. Speci�cally, the �gure plots covariate-speci�c reduced form estimates for public

school exit probability against the corresponding �rst stage estimates for potential

peers mean achievement, constructed using both districts' integration plans instru-

ments. Red numbers in the �gure label results using the district 3 plan instrument,

while black numbers label those using district 15 plan. Each reduced form and �rst

stage estimate in the �gure is at one-at-a-time for a variety of (potentially overlap-

ping) covariate cells. For example, points labeled with 7 show �rst stage and reduced

form estimates for White applicants.

Consistent with the direct e�ects of the integration plans in Table 2.5.1 and panel

B of Table 2.5.2, the integration plans generate large positive �rst stage decreases

in potential peers math baseline achievement and a corresponding set of positive

reduced form estimates for White and non-FRPL applicants. On the other hand, the

�rst-stage e�ects for low-baseline FRPL students of the integration plans on potential

peers achievement are positive, while the corresponding reduced form estimates are

negative. Finally, the points for di�erent subgroups fall roughly on a straight line with

a slope equal to about -0.25 . This visual IV estimate indeed appears to rationalize

the complete collection of reduced form and �rst stage estimates plotted in the �gure.
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Figure 2.5.4: Covariate VIV for the E�ects of Potential Peer Achievement on Exit
from Public School
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Note: This is a visual instrumental variable (VIV) plot of reduced form e�ects of district 3 and
district 15 integration plans on the probability of exiting public school against the corresponding
�rst stage e�ects of district 3 and district 15 integration plans on potential peer math baseline test
scores, separately for a set of 11 covariate-de�ned groups. district 15 plan e�ects are plotted in
black; district 3 plan e�ects are plotted in red. Covariate-speci�c estimates are computed one at a
time in the relevant subsamples and labeled from 1-11.The slope of the line through these estimates
is -0.25. Fitted lines are not forced to pass through the origin, as implied by the proportionality
restriction described in the text.

It thus seems plausible that all the e�ect of the integration plans on public school

exit is mediated through a decrease in potential peer achievement.

Finally, Table 2.5.4 explores whether changes in other peers characteristics which

might be correlated with math baseline achievement could instead explain the changes

in public school exit probability. Speci�cally, the table considers the proportion of

minority students and the proportion of FRPL students among applicants that receive

the same o�er, in addition to math achievement.

The 2SLS estimates using both integration plans and their covariate interactions
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as the instruments list for each potential peers characteristics are reported in columns

(1) to (3). The proportion of minority students and FRPL students among potential

peers are both associated with higher exit rates. Being o�ered a school with 10

p.p. more minority students or FRPL students increases the probability of enrolling

outside the public sector by approximately 4 p.p. Moreover, both estimates are

statistically signi�cant at the 1% level.

Nonetheless, the overidenti�cation p-values for models treating proportion of mi-

nority students and proportion of FRPL students as single endogeneous variables

reject the equality of IV estimates computed separately for covariate subgroups. In-

deed, for both models, they are lower than 0.01. This violates the proportionality

condition embedded in equation 2.6 and thus suggests that changes in peer racial and

social background cannot fully explain the changes in enrollment outside the public

school sector after the implementation of the integration plans.

Finally, columns (4) to (6) report the IV estimates of models including together

each pair of potential peer characteristics. Models with two endogenous variables

capture pairs of causal e�ects at the same time. These models, identi�ed by di�erences

in the two integration plans e�ect on school composition, allow for the possibility that

di�erent sorts of causal e�ects are reinforcing or o�setting.

These two endogeneous variable models suggest that peer achievement is the rel-

evant peer characteristics that a�ect students' take-up decision. Including potential

peers achievement as an additional regressor �ips the signs of the estimates for the

proportion of minority students and for the proportion of FRPL students. Moreover,

the estimate for minority students loses its statistically signi�cance, while the one for

FRPL students becomes only signi�cant at the 10% level. On the other hand, the

estimate for potential peer achievement is hardly a�ected and retain its statistical

signi�cance. Potential peers math achievement appears thus to be the dimension of

peers characteristics that applicants consider when deciding whether to turn down

their match o�er.
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Table 2.5.4: 2 SLS Estimates of Potential Peers Characteristics on Exit from Public
School

Probability of exiting the public school system
(1) (2) (3) (4) (5) (6)

Potential peers achievement -0.27*** -0.31*** -0.39***
(0.04) (0.06) (0.08)

Potential proportion minority 0.37*** -0.16 -0.51**
(0.09) (0.11) (0.20)

Potential proportion FRPL 0.40*** -0.25* 0.72***
(0.07) (0.14) (0.17)

First stage F 41.8 18.7 30.6 21.4 21.4 15.4
Overid (DF = 17) p-value 0.43 0.00 0.01 0.45 0.60 0.02

N 309,959 309,959 309,959 309,959 309,959 309,959

Note: This table reports IV estimates of the e�ects of di�erent peers characteristics on the prob-
ability of exiting the public school system for 2015-2019 middle school applicants. Potential peers
achievement corresponds to the leave-out mean 5th grade math test score among applicants o�ered
the same school by the match. Potential proportion of minority corresponds to the leave-out share
of Black, Hispanic, native American and Multi-racial students among applicants o�ered the same
school by the match. Potential proportion of FRPL corresponds to the leave-out share of FRPL stu-
dents among applicants o�ered the same school by the match. Estimates computed by instrumenting
potential peers characteristics by district 3 and district 15 integration plans plus interactions with
covariates (English learner, race, interactions of low baseline test scores with FRPL eligibility). The
table also reports �rst-stage F-statistics and overidenti�cation test p-values. Robust standard errors
are reported in parentheses; * signi�cant at 10%; **signi�cant at 5%; *** signi�cant at 1%.

Summing up, District 3 and district 15 integration plans were associated with

White and non-FRPL enrollment losses. White and non-FRPL applicants were more

likely to turn down their match o�er because they were assigned on average to schools

with lower achieving potential peers after the integration plans. These changes in

o�er take-up o�set part of the impact of the integration plans on school segregation.

According to �gure 2, changes in o�er take-up reduced the decrease in economic

segregation by 25 p.p. and the decrease in racial segregation by 15 p.p in both

districts. In other words, White and non-FRPL students' exit from the public system

halved the e�ect of the integration plans.
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2.5.3 E�ects on applicants' submitted preferences

At the enrollment stage, applicants' behavioral response to the integration plans

o�set part of their e�ect on school diversity. Was there also a behavioral response

of applicants at the assignment stage? Speci�cally, did applicants modify the ranked

ordered list they submit to the mechanism in response to the two integration plans?

And, if they did so, did that amplify or diminish the impact of the integration plans?

To answer these questions, it is important to �rst understand why applicants

might modify their ranked order lists in response to the changes in admission criteria

entailed by the district 3 and district 15 reforms. I assume that when submitting

their list to the centralized admission system, applicants are trying to obtain the best

choice possible according to their preferences. This implies that applicants choose

the list that gives them the highest expected utility, as a function of the utility they

derive from being assigned to di�erent schools.

Formally, let uis denotes the utility that applicant i derived from being assigned

to school s. Schools are indexed in {0, ..., S} where school 0 corresponds to being

unassigned. Applicant i has probability ais(`i, p̂is) to be assigned to school s. This

school speci�c probability of admission depends on the ordering of schools in applicant

i ranked order list `i. Indeed, since DA considers applicants' choices in order, listing

a school lower in the list decreases mechanically the probability of assignment as the

applicant might obtain a higher ranked choice. Moreover, a school that is not ranked

has a null probability of admission. The probability of admission to school s also

depends on p̂is, applicant's i subjective probability of qualifying at s, which itself

depends on subjective beliefs about others applicants ranked order list ˆ̀−i and about

schools ranking of applicants {rs}Ss=1. Finally, applicant i might incur some cost of

application C(`i).

Given this notation, I assume that applicant i chooses her ranked order list `i to

maximize the expected utility from her list minus the list's cost:
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max
`i

Ui(`i) =
S∑
s=0

uis × ais(`i, p̂is)− C(`i)

Given this maximization problem, Fack et al. (2019) shows that if C(`) = 0 then

DA is strategy proof and all applicants should rank their school in order of preferences.

On the other hand, if C(`) 6= 0 for some list ` then applicants will take into account

their probabilities of assignment at each school ais when forming their lists.

By changing students' ranking {rs}Ss=1 at each district school, district 3 and dis-

trict 15 integration plans a�ect applicants' ranked order lists through two di�erent

channels. First, the plans may change the utility uis each applicant derived from

being assigned to each school since the characteristics of students enrolling in each

school might change. Second, the plans change the probability of assignment to each

school for each applicant ais, since they a�ect applicants probability of qualifying at

each school pis as well as potentially other applicants' ranked order lists `−i. This

second channel only matters if applicants take into account probabilities of admission

when forming their list, that is if C(`) 6= 0.

Table 2.4.2 summarized the e�ects of district 3 and district 15 integration plans

on admission probabilities for applicants depending on FRPL status and baseline

test scores. Both integration plans increased admission odds at more competitive

programs for FRPL applicants with low baseline test scores, while they decreased

admission odds for non-FRPL applicants with high baseline test scores. The changes

in admission probabilities for the two remaining groups of applicants are more am-

biguous. Given the increase in their admission odds, one should expect that FRPL

applicants with low baseline test scores are more likely to rank more competitive

schools after the implementation of the integration plans.

To provide with some suggestive evidence on the changes in competitiveness of

schools ranked by di�erent applicants, Table 2.5.5 reports mean baseline achievement,

a proxy for a school desirability, for schools ranked �rst on their list by di�erent
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groups of applicants before and after the implementation of the integration plans.13

Speci�cally, the mean baseline achievement of each school is computed using the 5th

grade math test score of students enrolled in the school for years prior to 2019, so

that it captures school competitiveness prior to the implementation of the integration

plans. Applicants are sorted in four distinct groups depending on their FRPL status

and whether they had a 4th grade math test score below or above the median test

score in the district.14

The �rst panel of Table 2.5.5 shows the average mean baseline math test score

of the school ranked �rst by the four di�erent groups of applicants in district 3,

district 15 and other districts. In all districts, students with lower baseline test scores

tend to rank �rst less competitive schools than students with the same economic

background but with higher baseline test scores. Moreover, students with similar

baseline achievement list �rst more competitive schools if their family have a higher

income. Finally, district 3 and district 15 applicants from each group rank �rst more

competitive schools than their counterparts in other districts on average, which is

consistent with the fact that students in both districts have higher math and ELA

test scores than the average NYC student.

Panel B of Table 2.5.5 reports the change in competitiveness of the school appli-

cants list �rst in 2019 and 2020 with respect to previous years. Consistent with the

increase in admission odds, FRPL applicants with low baseline test scores rank �rst

more competitive schools than in previous years in both district 3 and district 15. On

average, the schools they rank �rst enrolled students with respectively 0.09 and 0.07

larger baseline math test scores. These changes are statistically signi�cant at the 1

percentage level.

13I only consider the school ranked �rst to avoid the selection bias that would arise if the plans
also a�ected the decision of ranking more choices. All applicants rank at least one school and thus
the plans do not a�ect this decision.

144th grade math test scores are used to de�ne low and high baseline students as admission at most
screened school is in part based on 4th scores and math test scores are missing for fewer applicants
than English test scores.
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Table 2.5.5: Estimates of Competitiveness of Applicants' First Choices

Mean math score in school ranked �rst
District 3 District 15 Others

(1) (2) (3)

Panel A: Mean e�ect for 2015-2020 applicants

FRPL

low baseline 0.00 0.24*** -0.060***
(0.02) (0.01) (0.002)

High baseline 0.56*** 0.69*** 0.22***
(0.03) (0.01) (0.00)

Non-FRPL

low baseline 0.41*** 0.48*** 0.19***
(0.02) (0.01) (0.00)

High baseline 0.94*** 0.87*** 0.56***
(0.01) (0.01) (0.00)

Panel B: Additional e�ect for 2019-2020 applicants

FRPL

Low baseline 0.09*** 0.07*** 0.02***
(0.03) (0.02) (0.00)

High baseline 0.06 0.01 0.04***
(0.05) (0.01) (0.00)

Non-FRPL

Low baseline 0.07* 0.04* 0.05***
(0.04) (0.02) (0.01)

High baseline 0.01 -0.10*** 0.03***
(0.01) (0.01) (0.01)

N 5,995 13,432 349,453

Note: This table reports the competitiveness of the �rst choice ranked for four groups of applicants.
The competitiveness of the �rst choice corresponds to 5th grade math test score of students enrolled
prior to 2019 in the school ranked �rst. Applicants are sorted in four distinct groups depending on
their FRPL status and whether they had a 4th grade math test score below or above the median
grade in their district of residence. Panel A reports the mean competitiveness of the �rst choice
for each group of 2015-2019 applicants. Panel B reports the change in competitiveness of the �rst
choice after the implementation of the integration plans in 2019 for each group of applicants. Column
(1) and (2) are restricted to applicants residing in district 3 and district 15 respectively. Column
(3) includes applicants residing in any other NYC district. Robust standard errors are reported in
parentheses; * signi�cant at 10%; **signi�cant at 5%;*** signi�cant at 1%.

On the other hand, the integration plans did not induce other groups of applicants

to increase the competitiveness of their �rst choice. Non-FRPL applicants with low

baseline test scores did list slightly more competitive schools after the implementation
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of the plans, but the increase is only marginally statistically signi�cant. While, in

district 15, non-FRPL applicants with high baseline test scores rank �rst schools that

enrolled students with 0.10 smaller baseline math test scores.

For comparison, the competitiveness of applicants' �rst choices did not change

heterogeneously for the di�erent groups of applicants in other NYC districts. All

applicants list more competitive schools as �rst choice in 2019 and 2020 compared

to previous years, regardless of their FRPL status and their baseline achievement.

Heterogeneous changes in �rst choice competitiveness were thus speci�c to the two

NYC districts for which admission probabilities also changed heterogeneously for

di�erent groups of applicants. These di�erences in patterns suggest that applicants

did adapt their �rst choices to the changes in admission probabilities entailed by the

integration plans.

As additional evidence that applicants changed their ranked order lists in re-

sponse to the integration plans, I consider the e�ect of the plans on the length of

the ranked order lists and probability of being unassigned at the end of the main

round of DA.15 While students' admission odds were negatively or positively a�ected

by the plans depending on their demographics and baseline achievement, the plans

resulted in increased uncertainty in admission for all applicants, especially in district

15. Indeed, prior to the plans, students could evaluate their odds of admission at

di�erent programs depending on their test scores. Applicants with higher elementary

test scores could suppose they had a good chance to qualify at competitive screened

programs that ranked their applicants based on prior academic achievement, while ap-

plicants with lower grades could presume that their chances were lower. By replacing

screened admissions with lotteries, district 15 made applicants more uncertain about

their admission chances as admissions became random and not based on students'

background. Similarly, the district 3 plan created seat reserves for lower achieving

FRPL students that increased the chances of students that were less likely to qualify

15Applicants who remain unassigned after the DA algorithm has been run are manually placed
into a school by the DOE.
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Table 2.5.6: D-in-D Estimates of Changes in Applicants' Ranked Order Lists

All FRPL non-FRPL
Low baseline High baseline Low baseline High baseline

(1) (2) (3) (4) (5)

Panel A: Length of the rank-ordered list submitted
D3 × 2019 1.01*** 0.75*** 1.20*** 0.63** 1.086***

(0.09) (0.20) (0.25) (0.27) (0.12)
D3 × 2020 1.20*** 0.47** 0.99*** 0.89*** 1.61***

(0.09) (0.19) (0.30) (0.32) (0.13)
D15 × 2019 2.56*** 2.07*** 1.94*** 2.88*** 3.45***

(0.07) (0.13) (0.15) (0.23) (0.12)
D15 × 2020 2.84*** 1.58*** 1.63*** 3.92*** 4.61***

(0.07) (0.12) (0.14) (0.22) (0.12)

mean D3 pre-2019 4.0 4.5 4.6 4.2 3.5
mean D15 pre-2019 4.9 4.3 5.2 4.7 5.3

Panel B: Probability of being unassigned
D3 × 2019 0.01* 0.01 -0.02 0.02 0.00

(0.01) (0.01) (0.03) (0.03) (0.01)
D3 × 2020 0.02*** 0.00 0.01 0.05* 0.01

(0.01) (0.01) (0.03) (0.03) (0.01)
D15 × 2019 -0.00 -0.01 -0.02 -0.02** 0.04***

(0.01) (0.01) (0.02) (0.01) (0.01)
D15 × 2020 -0.01 0.01 -0.02 -0.03*** 0.01

(0.00) (0.01) (0.02) (0.01) (0.01)

mean D3 pre-2019 0.06 0.05 0.08 0.06 0.05
mean D15 pre-2019 0.07 0.07 0.10 0.07 0.05

N 397,744 156,576 110,242 37,183 64,870

Note: This table reports di�erences-in-di�erences estimates of integration plan e�ects for 2015-2020
middle school applicants. In all panels, the endogeneous variables are the interaction of dummies
for residing in district 3 and district 15 and applying for admission in 2019 and 2020. Panel A
dependent variable is a count variable that indicates the length of applicants' ranked order lists.
Panel B dependent variable is a dummy that is equal to one for applicants who are unassigned by
the algorithm and have to be manually placed. The last two rows of each panel report the mean
of the dependent variable among 2015-2018 applicants. All models control for year and district
�xed e�ects. Robust standard errors on year are reported in parentheses. * signi�cant at 10%; **
signi�cant at 5%; *** signi�cant at 1%. .
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and decreased the chance of students that were more likely to qualify. Hence, more

students had a more uncertain probability of admission after the district 3 plan as

well. In response to the increase in admission uncertainty, one would expect students

to list more choices to avoid being unassigned by the mechanism and manually placed

to a school they might not like.

Using the same di�erences-in-di�erences speci�cation as in equation 2.3, Table

2.5.6 explores the consequences of the integration plans on the length of the list

submitted in panel A and the probability of being unassigned in panel B. Results are

reported separately for the two cohorts of applicants that applied, after the adoption

of the reforms, for admissions in the fall of 2019 and in the fall of 2020 respectively.

One should expect some adjustment between the two years as the e�ects of the plans

on the admission probabilities for di�erent applicants became observable. Column

(1) reports the e�ects of the plans for all applicants while columns (2) to (5) report

them for the same four distinct groups of applicants considered in Table 2.5.5.

The integration plans resulted in an increase in the number of choices listed by

all applicants in both districts. The increase was more substantial for applicants in

district 15, consistent with a larger increase in admission uncertainty. On average,

district 3 applicants listed 1 additional choice in 2019 and 1.2 additional choices

in 2020, while district 15 applicants listed 2.6 additional choices in 2019 and 2.8

additional choices in 2020. All these changes are signi�cant at the 1% level 16

Despite their longer ranked order lists, applicants were slightly more likely to be

unassigned after the implementation of the integration plan in district 3. The share of

applicants manually places was 1% and 2% larger in 2019 and 2020 respectively. On

the other hand, the increase in ranked order lists adequately mitigated the increase

in uncertainty in district 15 as the share of unassigned students remained stable in

both years after the reform.

16As a robustness check, appendix �gures A2 and A3 display event study graphs for the change
in ranked order list length after 2019 in all NYC district. District 3 and district 15 expansions of
ranked order list length in 2019 and 2020 are clear outliers when compared to other NYC districts.
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The heterogeneity in e�ects of the plans for applicants with di�erent baseline

achievement and FRPL status in columns (2) to (5) is consistent with applicants

listing more choices to reduce the probability of manual placement. In both districts,

non FRPL applicants with high baseline test scores increased the length of their lists

the most. These applicants were the ones whose probability of admission were the

most a�ected by both reforms as they were not eligible for reserved seats and had high

admission probabilities at more selective screened programs prior to 2019. On the

other hand, FRPL applicants with low baseline test scores bene�t the most from the

reform in terms of increased admission odds and were also the group of applicants

that added fewer schools to their lists. Finally, the small and mostly insigni�cant

changes in the probability of manual placement across all columns suggest that each

group of students adjusted the length of their ranked order lists in proportion to the

change in admission uncertainty induced by the integration plans. The only exception

is for district 15 non-FRPL students with low baseline test scores whose probability

of being unassigned was marginally smaller in 2019 and 2020 than in previous years.

Taken as a whole, this reduced form analysis provide suggestive evidence that

applicants adapted their ranked order list in response to the integration plans. First,

it appears that applicants whose admission odds increased because of the changes in

admission criteria applied to more competitive schools. Second, applicants included

more schools in their lists to compensate for the higher uncertainty in admission.

The increase was more pronounced for applicants for which it became harder to

predict their assignment after the implementation of the plans. It is plausible that

the integration plans a�ected other dimensions of applicants' ranked order lists in both

districts. Nonetheless, this partial evidence still indicates that changes in application

behavior might have impacted the e�ect of the integration plans.

As a �nal step, I assess the extent to which changes in ranked order lists a�ected

the impact of the integration plans on segregation. This can be evaluated by esti-

mating what would have been the plans' e�ects on diversity at the match o�er stage
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if applicants did not change their application behavior. I use 2018 data to simulate

match o�ers under district 3 and district 15 plans, but in absence of any change in

applicants' ranked order lists. The di�erences in segregation between the simulated

2018 match and the real 2018 match capture the mechanical e�ects of the changes in

admission criteria. The impact of applicants' behavioral response can be estimated

by subtracting these mechanical e�ects from the observed declines in isolation indexes

between 2018 and 2019. These calculations are accurate under the assumption that

applicants' submitted preferences would have remained stable between 2018 and 2019

if there had been no reforms.

Results from the simulation, as displayed in Figure 2.5.5, establish that changes

in students' application behavior explains more than two-thirds of the increase in

economic and racial diversity at the match o�er stage. The decline in FRPL and

minority student standardized isolation indexes would have been more than three

times smaller if applicants had not adapt their ranked order lists to the integration

plans. Applicants' behavioral response appears to be similarly important for the

decrease in White and Hispanic students' isolation.

This di�erence in the plans impact due to applicants' behavioral response is un-

likely to be due to chance. Indeed, the actual e�ects of both integration plans are not

comprised in the 95% con�dence interval around the simulated plans e�ect with no

behavioral response. These empirical con�dence intervals accounts for the variability

in standardized isolation indexes that may arise from di�erences in applicants' popu-

lation and tiebreakers sequence. They are generated by simulating 100 times the 2018

match under the two integration plans redrawing each time a sample of applicants

and a sequence of tie-breakers.17

Summing up, applicants did change their rank order lists in response to the inte-

gration plans. This behavioral response at the assignment stage reinforced the e�ects

of the plans on diversity, they made the plans three times more e�ective. Hence,

17Applicants are sampled with replacement from each district independently. SWD and non-SWD
applicants are also sampled separately as they participate in two distinct matches.
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Figure 2.5.5: Decomposition of Changes in stand. school isolation index

Note: This bar chart plots the changes in standardized school isolation indexes at the match o�ers
stage between 2018 and 2019. Each bar gives the observed change in the index between 2018 and
2019. The shaded part of each bar corresponds to the e�ect of the integration policies absent be-
havioral response, i.e. using 2018 applicants' ranked order list. A manual placement round is run
after DA in which applicants ranked all available schools by distance and schools rank applicants by
tie-breaker. The 95% con�dence intervals for the e�ect of the integration plans absent behavioral
response are computed by simulating 100 the 2018 match under integration plans. For each simula-
tion, a new sequence of tiebreakers is drawn and applicants are sampled with replacement, through
sampling strati�ed by SPED indicator and district.

not accounting for applicants' response to changes in admission criteria would be

misleading as it might underestimate the impact of these changes.
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2.6 Conclusion

The integration plans of District 3 and District 15 aimed at increasing school diversity

by lowering barriers to admission at most selective schools to low income students with

lower baseline achievement. While the district 15 plan successfully decreased economic

and racial segregation at the district's schools, the district 3 plan was less successful.

Despite their di�erences in �nal impact, both integration plans elicited important

behavioral responses from applicants. Applicants responded to the integration plans

both by changing the ranked order lists they submit to the mechanism during the

assignment stage and by selectively taking-up their match o�er during the enrollment

stage.

The change in take-up of match o�ers in response to the integration plans miti-

gated their impact on diversity. Indeed, White applicants and non-FRPL applicants

were much more likely to turn down their match o�er and enroll outside the pub-

lic school system after the implementation of the plans. As a result of these white

student and high income students enrollment losses, the integration plans' e�ects on

racial and economic segregation were halved in both districts.

These changes in match o�ers' take-up rates can be explained by the changes in

achievement of potential peers. White and non-FRPL applicants were more likely to

turn down their match o�er because they were assigned on average to schools with

lower achieving potential peers after the integration plans' implementation. This

decrease in potential peers achievement resulted from the direct e�ect of the plans on

peers composition as well as the decline in admission probabilities at most selective

schools for White and non-FRPL students.

On the other hand, the change in applicants' ranked order lists in response to

the integration plans reinforced their e�ects on diversity. The changes in admission

criteria in both districts resulted in twice as much diverse match o�ers thanks to ap-

plicants' behavioral response at the assignment stage. Given the multi-dimensionality

of ranked order lists, it is not possible to understand which implications of the integra-
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tion plans matter the most for applicants' response without modelling the formation

of a ranked order list. In particular, a model of applicants' formation of ranked or-

der lists would allow to understand the extent to which applicants' responded to the

change in admission probabilities and to the anticipated change in school demograph-

ics composition.
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Appendix

Appendix 2.A Additional Figures

Figure A1: Evolution of Standardized School Isolation Indexes for Asian and Black
Students

(a) Asian students (b) Black students

Note: These �gures plot the evolution of school standardized isolation indexes for district 3, district
15 and other NYC districts between 2015 and 2020. Panel A displays the standardized index for
Asian applicants. Panel B displays the standardized index for Black applicants. Standardized school
isolation indexes are computed as in �gure 2.5.1.

113



114 CHAPTER 2. ADMISSIONS AND SEGREGATION

Figure A2: Comparison of Changes in Ranked Order List Length in all NYC Districts

Note: These �gures plot changes in the number of programs listed with respect to 2018 for all NYC
districts.It includes all applicants with non-missing district of residence.
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Figure A3: Comparison of Changes in Ranked Order List Length in all NYC Districts

(a) FRPL low baseline test score students (b) FRPL high baseline test score students

(c) non-FRPL low baseline test score students

(d) non-FRPL high baseline test score stu-

dents

Note: These �gures plot changes in the number of programs listed with respect to 2018 for all NYC
districts. Panel A considers the list length for FRPL with low baseline test score applicants, panel
B for FRPL with high baseline test score applicants, Panel C for non-FRPL with low baseline test
score applicants, and panel D for non-FRPL with low baseline test score. Each plot only includes
districts in which at least 10% and no more than 90% of the student population belongs to the group
considered. The data is also winsorized by excluding districts that display variations in standardized
school isolation index larger than 10 % prior to 2018.
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Appendix 2.B Additional Tables
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Table A2: Characteristics of district 3 and district 15 students by race

English Math Reserve
District Race N % FRPL % ELL score score eligible

District 3

Asian 196 27% 4% 3.9 4.0 4 %
Black 360 86% 2% 2.6 2.5 57 %

Hispanic 621 74% 10% 2.8 2.8 47 %
White 966 11% 2% 3.8 3.8 3 %

District 15

Asian 1097 84% 29% 3.2 3.4 69 %
Black 328 74% 0% 2.9 2.6 66 %

Hispanic 1874 78% 22% 2.8 2.8 74 %
White 1766 16% 4% 3.7 3.6 15 %

This table describes the characteristics of 2019-2020 applicants residing in district 3 and district 15
by race. English and Math test score corresponds to the pro�ciency rating at the 4th grade State
test. Reserve eligibility is based on an indicator variable included in the 2019 and 2020 assignment
�les. The sample drops 206 applicants that do not list any school, as the reserve eligibility variable
is missing for 2020 applicants with no school listed.



Chapter 3

Heuristic school choice: a simple

model of applicants' strategic

behavior1

3.1 Introduction

In centralized school choice systems, policy makers can in�uence students' assignment

to schools by changing assignment rules and schools' admission criteria. Structural

modelling can help forecast the e�ects of alternative policies and inform policy makers'

decisions. The method relies on the estimation of an underlying model of families

decision-making and the simulation of equilibrium outcomes under new policies.

The estimation of families preferences uses the rich information embedded in the

ranked order lists that families submit to the mechanism. When the assignment

mechanism is strategy-proof, historical choice rankings can be considered as corre-

sponding to applicants' underlying preferences for schools. Assuming truthfulness of

rankings, Pathak and Shi (2021)'s forecast experiment on Boston new school choice

1Thanks to the NYC Department of Education for graciously sharing data. The views in this
paper are those of the author and do not necessarily re�ect the o�cial policy or position of the NYC
Department of Education.
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plan presents encouraging evidence for the reliability of these forecasts. Their struc-

tural school demand models can accurately predict counterfactual outcomes, when

conditioning on the actual applicants' characteristics.

Nonetheless, the assumption that rank order lists re�ect underlying preferences

for schools is not always realistic. While this assumption is naturally violated in

mechanisms that are not incentive compatible,2 it also appears not to hold in mech-

anisms that are usually considered strategy-proof, like deferred acceptance (DA).

For example, Rees-Jones and Skowronek (2018) present experimental evidence that

medical students misrepresent their preferences in the National Resident Matching

Program. Moreover, Artemov et al. (2017) and Larroucau and Rios (2020) �nd ev-

idence consistent with students omitting programs to which they're unlikely to be

admitted. Finally, Fack et al. (2019) analyze the high-school system in Paris, and

reject strategy-proofness in favor of stability.3

The relaxation of the truthfulness of rankings assumption complicates the esti-

mation of preferences. A recent approach models ranked order list as solving an

expected utility maximization problem given students' beliefs over admission prob-

abilities. Agarwal and Somaini (2018) propose a general methodology to estimate

preferences based on the optimality of the chosen raked order list, whenever the mech-

anism can be represented with a cuto� structure. Nonetheless, a major challenge to

implement this methodology is to avoid running into the curse of dimensionality, as

the number of potential ranked order lists grows exponentially with the number of

schools and the method requires checking the optimality of applicant's choice among

all potential lists. To circumvent this dimensionality problem, Larroucau and Rios

(2020) and Calsamiglia et al. (2020) propose strategies to limit the choice space con-

sidered for estimation.

2Agarwal and Somaini (2018), Kapor et al. (2020) and Calsamiglia et al. (2020) show that
students engage in strategic behaviors in assignment systems that use the Boston mechanism.

3Relatedly, Lu�ade (2017) estimates the value of giving information to students on their prob-
abilities of admission in deferred acceptance mechanisms, when the length of ranked order list is
constrained and students cannot always express their true preferences.
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In this paper, I o�er an alternative approach to estimate applicants' preferences,

when applicants optimize their choice of ranked order list considering probability of

admissions. I assume that applicants use a heuristic method to choose their list,

instead of solving a one-shot utility maximization problem that requires considering

all possible ranked order lists.4 In my model, applicants choose their list sequentially

with a limited understanding on the dynamic consequences of each choice.

Speci�cally, applicants consider �rst which school to place in position 1 of their

lists, then they turn to �lling in position 2 etc. Applicants do understand that the

probability of being assigned to non-listed schools goes down as they go through their

list. Nonetheless, they do not understand that they might later decide not to list

some of the schools they had considered for earlier positions, as the probability of as-

signment becomes negligible. My model is consistent with two empirical regularities:

(1) applicants do not list schools for which their probability of admission is small

(2) applicants stop their list if they are certain of being assigned to one of their �rst

choices.

This model of application behavior implies a series of inequalities on applicants

indirect utilities for schools. These inequalities allow to estimate applicants' prefer-

ences without running into the curse of dimensionality. The estimation procedure

follows the two-step estimation procedure from Agarwal and Somaini (2018). In a

�rst step, I estimate the probability of admission at each school for each applicant

depending on their baseline score. In a second step, I estimate the parameters govern-

ing the distribution of preferences through a Gibbs sampler adapted from McCulloch

and Rossi (1994), given the �rst step estimated admission probabilities. The Gibbs

sampler leverages the set of restrictions on indirect utilities derived from applicants'

choice model.

To illustrate the method, I leverage an admission reform in one of NYC school

4Ajayi and Sidibe (2020) and Son (2020) also consider a model of applicants' list formation in
which applicants only consider a subset of programs. However, in their models, strategic considera-
tion based on admission probabilities do not a�ect which schools are ranked.
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districts to estimate preferences for middle school characteristics. Chapter 2 of this

dissertation found that the reform entailed substantial changes in admission proba-

bilities to which students responded by changing their ranked order lists.

Preliminary results show that relaxing the assumption of truthfulness of ranked

order lists substantially a�ects the estimates of applicants' preferences. Compared to

a model that assumes truthful ranked order lists, my model's estimates reveal stronger

preferences for high achieving peers. This �nding is consistent with students omit-

ting more competitive programs for which they believe their admission odds are small

before the reform. Indeed, under the truthfullness assumption, the omission of com-

petitive schools, which also enroll high achieving students on average, results in low

estimated taste for high achieving peers. The di�erence between models arises even

though most students appear to adopt safe listing strategy, omitting only programs

for which their admission odds are extremely low.

The rest of the paper is organized as follows. Section 2.2 describes the NYC

admission reform exploited for estimation of the model. Section 3.3 presents the

model of applicants' list formation. Section 3.4 discusses the variations that identify

the model and describes the method to estimated the model. Section 3.5 presents

preliminary results from the estimation of preferences for school characteristics in the

NYC middle school match. Section 3.6 concludes.

3.2 NYC admission reform

3.2.1 The NYC middle school match

Each year, NYC uses DA to assign 5th graders to middle schools. The match is run

at the academic program level, with each school being able to operate more than

one program. Although the city is split into 32 local school districts, applicants may

apply to schools in any district. Nonetheless, many programs restrict eligibility to

only applicants residing in the district or enrolled in a district elementary school.
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Moreover, most borough-wide and city-wide programs also give priority to district

applicants. As a result, 85% of students are assigned to a middle school in their

district of residence.

Each academic program has speci�c eligibility, priorities and admission criteria.

Based on the factors used to rank applicants, programs may be classi�ed in two broad

categories: screened and unscreened. While both types of programs may give priority

to groups of applicants, only screened programs can rank individual applicants based

on test scores and past behavior. On the other hand, lottery programs can only break

ties between applicants with the same priority using a unique tiebreaker. Priorities

are related to applicants' residential zones, school at the time of application and,

rarely, attendance to an information session. Screening criteria are based on prior

grades, standardized test scores, talent tests scores and attendance at the previous

school.

Applicants can rank up to 12 programs but only 5% do so. To help applicants

in their choice, the NYC Department of Education provides applicants with a paper

admission guide and a personalised application website. This application website only

shows programs for which the applicant is eligible for. Each program page includes

the admission priorities and the admission criteria that the program uses to rank

applicants, if any. In addition, the page indicates the number of applicants per seat

and the priority of last admitted applicant. Together with information from their

school counselor, the application website can help applicants know their admission

chances.

3.2.2 Northwest Brooklyn admission reform

In 2019, two NYC local school districts started implementing diversity in admission

plans. These plans aimed at increasing economic and racial diversity at districts' mid-

dle schools by changing admission criteria. Of the two districts, the west Brooklyn

district adopted the most far-reaching plan. West Brooklyn's plan eliminated screen-
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ing criteria at all middle schools. In addition, the district set aside 52 percent of the

seats in each school for disadvantaged students.5 Prior to the adoption of the plan,

11 out of the 13 programs in the district were screened, thus the plan substantially

a�ected applicants' admission chances at the schools they were more likely to attend.

The plan had heterogeneous e�ects on applicants' admission probabilities. The

e�ect of the plan on admission odds depended on applicants' poverty status and

baseline test scores. Indeed, the reform decreases admission odds for applicants with

high baseline test scores that were not reserve-eligible. On the other hand, reserve-

eligible applicants with low baseline test scores saw an increase in their probability

of admission at the most selective school after the plan.

In Chapter 2 of my thesis, I show that applicants responded to these changes in

admission odds by adapting the ranked order list they submit to the mechanism. In

particular, applicants who faced the largest decrease in admission odds were more

likely to include more programs in their ranked order list. Table 3.2.1 illustrates this

�nding by showing the mean rank of the choice obtained and the length of the ranked

order list for applicants conditional on their reserve-eligibility status and their past

achievement. On average, applicants who obtained a lower-ranked choice after the

reform, re�ecting their decrease in admission odds, increased the number of programs

they ranked the most. Overall, this suggests that ranked order lists were speci�c to

the admission regime and that applicants take into account their admission odds.

3.3 A model of list formation

I consider a school choice mechanism in which students are indexed by i ∈ 1, .., n

and schools are indexed by s ∈ {1, ..., S}. School 0 denotes being unmatched and

manually placed into a school by the central mechanism. Each school has qs seats,

with q0 = ∞ and
∑S

s=1 qs ≥ n. I now describe how students are assigned to these

5Students are reserve-eligible if they are either low-income (eligible for free or reduced-price
lunch (FRPL)), English language learners, or homeless.
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Table 3.2.1: E�ects of the admission reform

2018 2019 2020
(1) (2) (3)

Panel A: Rank of match o�er

Reserve-eligible
Low baseline 1.9 1.4 1.4
High baseline 2.0 1.9 1.8

Non-Reserve-eligible
Low baseline 2.5 3.2 3.4
High baseline 2.3 4.1 4.5

Panel B: Number of schools listed

Reserve-eligible
low baseline 4.4 6.2 5.8
High baseline 4.8 6.7 6.6

Non-Reserve-eligible
low baseline 5.6 7.9 8.9
High baseline 6.4 9.3 10.4

N 1522 1328 1211

Note: This table reports the e�ect of the admission reform for four groups of applicants. The sample
includes all non-SWD applicants residing and attending an elementary school in district 15 during
years 2018-2020. Applicants are sorted in four distinct groups depending on their FRPL status and
whether they had a 4th grade math test score below or above the median grade of their cohort. Each
column corresponds to an application year. Panel A reports the mean rank in applicants' lists of
the school they are o�ered in the match. Panel B reports the mean number of schools listed by each
group of applicants.

seats, the choice problem faced by students, students' preferences over schools and

their beliefs.

3.3.1 Assignment mechanism: deferred acceptance (DA)

Centralized school choice mechanisms reconcile student and schools preferences to

generate a single school assignment for each student. In this paper, I focus on the

student-proposing deferred acceptance (DA) algorithm. Student-proposing DA has

been adopted in many school districts around the world6 because of its attractive the-

6Among others: Amsterdam, Boston, New York City, Chicago and Paris are assigning students
using deferred acceptance (see Tables 1 of Pathak and Sönmez (2013) and Agarwal and Somaini
(2018))
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oretical properties. In particular, the mechanism produces a student-optimal stable

match and is strategy-proof when students do not face application cost (Abdulka-

diro§lu and Sönmez (2003)).

The mechanism is based on three inputs: students' rankings of school, schools'

rankings of students and schools' capacities. First, students submit a ranked order

list of schools to the mechanism. The length of this list may be capped in some

applications of the mechanism. Second, schools rank all their applicants. These

rankings are strict and may be school speci�c or common to all schools. Finally,

school capacities are entered in the mechanism.

Once all three inputs are inputted into the mechanism, DA works as follows:

• Step 1: Each student proposes to her �rst choice. Schools' seats are assigned

tentatively to proposers one at a time, following their rank. Students are re-

jected if no seats are available at the time of consideration.

• Step k > 1: Each student who was rejected in the previous step proposes to

her next best school. Each school considers the students tentatively assigned

in previous steps together with new proposers and tentatively assigns its seats

to these students one at a time following the school's ranking. Students are

rejected if no seats are available at the time they are considered.

The algorithm terminates either when all students are assigned or when all unas-

signed students have exhausted their lists of schools.

An important feature of DA is that applicants' ranks at each school are indepen-

dent of students' ranked order lists. As such, each student probability of admission at

each school only depends on other applicants' ranked order lists and schools' ranking

of applicants. Thus, applicants may take as given their admission probabilities at

each school when forming their ranked order lists.



3.3. A MODEL OF LIST FORMATION 127

3.3.2 Optimal portfolio choice problem

The choice of ranked order list by applicants can be viewed as an optimal portfolio

choice problem. This framing was �rst introduced by Chade and Smith (2006) for

college application and have been used more recently in other applications of school

choice (Fack et al. (2019) and Larroucau and Rios (2020)). The idea behind this

framework is that ranked order lists of schools can be mapped to lotteries over schools,

whose weights depends both on applicants' admission probabilities and the ordering

of schools in the list. Hence, applicants choose their ranked order list to maximize

their expected utility, which depends on their preferences over schools, the lottery

over schools induced by the ranked order list and the cost of submitting the ranked

order list.

Formally, each applicant i chooses her ranked order list `i to maximize her expected

utility

max
`
Ui` =

S∑
s=1

uis × ais(`, p̂is)− Ci(`) (3.1)

The expected utility from each list depends on the utilities {uis}Ss=1 that applicant

i derives from assignment to each school s. In the expectation, the weight given to

each school is denoted by ais, which captures the reduced form probability applicant

i is o�ered school s. Finally, each list is associated to some cost Ci(`) that restricts

applicant's choice.

The weight assigned to each school ais(`, p̂is) is jointly determined by applicant's

ranked order list ` and applicant's belief about her admission probability p̂is. ais

depends on applicant's ranked order list since DA attempts to assign each applicant

to her highest ranked school. Thus, ais is mechanically increasing in school s' ranking

in `i. On the other hand, applicant i's subjective probability of qualifying at s only

depends in DA on his beliefs about others applicants' ranked order lists ˆ̀−i and about

schools ranking of applicants.

Finally, student i incurs a cost Ci(`) when forming their ranked order list. This
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cost could depend on the number of choice in ` and also on the speci�c schools ranked.

In the absence of a monetary cost of application, this could be viewed as capturing

any psychological cost that a student might face. For instance, students might need

to learn about schools that are not in their neighborhood. Or, they could prefer avoid

disappointment and thus face a cost of listing choices to which they have very little

chance of being admitted.

Such a cost �exibly covers di�erent applications of DA. When C(`) = 0 for all

`, this model coincides with the traditional setting without costs in which DA is

strategy proof (Abdulkadiro§lu and Sönmez (2003)). When applicants do not face

any application cost, they are better o� listing schools in their true order of preference.

Moreover, it also encompasses the constrained DA where applicants cannot rank more

than K schools (Haeringer and Klijn (2009)) by setting C(`) = ∞ when |`| > K.

Finally, when C(`) = c|`|, applicants have to pay an unit cost for each additional

school listed and the cost of a list is a linear function of its length.

What does it mean for DA not to be strategy proof with application cost? When

the cost depends only on list length (C(|`|), Fack et al. (2019) shows that it is a weakly

dominated strategy for students to submit a ranked order list that is not a true partial

preference order, although DA is not strategy proof. It follows that the ordering of

the schools included in a student's list re�ects her true preferences. Nonetheless,

applicants may omit unlikely choices, i.e. schools for which the subjective probability

of admission (p̂is) is low. Additionally, they might stop ranking their list if they are

sure to get in one of the schools they have already ranked.

3.3.3 Preferences: utilities and cost

I assume that applicant i's indirect utility from assignment into school s is given by

uis = U(Xis, ξs, εi)− dis (3.2)

ui0 = 0 (3.3)
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where Xis are observable characteristics of student i and school s, dis is the dis-

tance between student i's home and school s, and ζs and εi are unobserved char-

acteristics. Following a common approach in the school choice literature, I assume

that εi ⊥ (di1, ..., dis). This assumption is violated if students' residential choice is

determined by unobserved components of preferences for schools.

This representation of utility includes both a location normalization and scale

normalization. The utility of the outside option is normalized to 0, which normalizes

the location of utilities. The coe�cient on distance dis is set to −1 which normalizes

the scale of utilities.

For the empirical application, I further parametrize the utility as

uis =
K∑
k=1

βkxisk − dis + εis (3.4)

{xisk}Kk=1 are a set of student-school interacted characteristics, βk are interaction

speci�c parameter to be estimated, and εi = (εi1, ...εiS) ∼ N(0,Σε) are independent of

x, d. In the estimation, I construct xisk by interacting indicators for free and reduced

price lunch eligibility, ethnicity, high baseline math test score with the shares of

minority students and of students with high math baseline test score in each school.7

The cost for applicant i for each ranked order list is assumed to be linear in list

length, i.e. Ci(`) = ci|`|. The cost of adding an additional program to the ranked order

list is applicant-speci�c. For the empirical application, the unit cost is parametrized

as

7I assume that applicants are able to forecast the composition of the student body at each school.
This assumption is small for years preceding the admission reform as During applicants have access
to detailed information about the ethnicity representation at each school and the academic results
of students currently enrolled at each school. Nonetheless, the assumption is more substantial for
the year immediately after the reform as the changes in admission scheme a�ects the demographic
makeup of schools.
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ci = c+ ζi (3.5)

where c is the average unit-cost and ζi ∼ N(0, σζ) is applicant i's unobserved deviation

from the average cost.

3.3.4 Beliefs: rational expectations

When submitting their ranked order lists to the centralized system, applicants do

not only care about the utility they derive from each assignment but also about the

probability of being admitted in each program. Admission to each school may not

be independent if schools' rankings of applicants are based on a common tiebreaker

or the same set of scores. I assume that students hold rational expectations over

their admission chances. Applicants are able to infer their admission probabilities at

each school based on their own score and the distribution of tiebreakers and scores.

Moreover, they understand the dependency between admission probabilities.

3.3.5 Limited rationality assumption

To solve the general student optimal portfolio, one needs to select the best permu-

tation out of the set of schools. In general, this is an NP-hard problem (Chade and

Smith (2006)). Indeed, the choice space increases exponentially with the number of

schools. For instance, if applicants can list 12 among 60 potential schools as in NYC,

they may choose among more than 1020 lists. It follows that inferring preferences for

schools from students' ranked order lists also runs into the curse of dimensionality.

Recent attempts circumvent the problem by limiting the number of lists considered

for estimation (Calsamiglia et al. (2020), Larroucau and Rios (2020))

Nonetheless, applicants cannot plausibly choose their ranked order lists by solv-

ing such a complex problem. Indeed, it is impossible for applicants to consider all
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potential lists. Likewise, it is unlikely that applicants actually compare the expected

utilities they would get from ranking di�erent sets of the schools they are considering.

Applicants most probably use some heuristics criteria to choose the best possible lists

that might di�er from the optimal portfolio.

I model applicants' heuristics approach by assuming that applicants choose their

list sequentially without fully internalizing how their choice a�ects the continuation

value of their list. Speci�cally, applicants consider �rst which school to place in

position 1 of their lists, then they turn to �lling in position 2 etc. Applicants do

understand that the probability of being assigned to non-listed schools goes down as

they go through their list. Nonetheless, they do not understand that this means that

they might decide not to list some of the schools they had considered for early posi-

tions, as the probability of assignment becomes negligible. The following assumption

spells formally this intuition:

Assumption 3 (Limited Rationality of applicants) 1. Applicants choose their list

sequentially, i.e. for each position k in the list, an applicant chooses s ∈ S ∪ 0

to maximize its value function

Vk(s) = ui(s)pi,k(s)− ci(s) + Ṽk+1(s) (3.6)

pi,k(s) denotes the probability applicant i is o�ered school s when ranked in

position k.

2. But, applicants do not take into account how s a�ects the set of choices whose

expected utility is larger than its cost at k + 1, i.e.

Ṽk+1(s) = max
s′∈Sk

ui(s
′)pi,k+1(s)(s

′) + Ṽk+2(s, s′) (3.7)

where Sk = {s′ ∈ S ∪ 0 : ui(s
′)pi,k(s

′)− ci(s′) > 0}.
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The �rst part of the assumption states that students solve the portfolio choice

problem sequentially. Under the correct speci�cation of the continuation value (if

Ṽk+1(s) = Vk+1(s), solving the sequential problem of equation 3.6 is equivalent to

solving the one-shot optimization problem of equation 3.1. As such the �rst part of

the assumption is not imposing any constraint on the optimization.

The second part of the assumption speci�es the cognitive limit of applicants that

a�ects the optimization. At each step, applicants only consider schools for which

u(s)pk(s) ≥ c(s). Applicants take into account the cost of listing an additional school

so that they do not list schools whose probability or utility are small. Nonetheless,

they do not anticipate that a school that satis�es these conditions at step k might

not satisfy at step k + 1. In other words, applicants believe they can always rank an

alternative school further down in their list.8

When should such assumption matters? The assumption precludes students to

rank earlier a school because it will not be acceptable further down in the list. In

practice, this means that the expected utility (u(.)pk(.)− c(.)) of the unranked school

when it was available was larger than the expected utility of the chosen school. But,

at the same time the utility (u) of the chosen school is larger. The following example

outlines such a context.

Example 1 (E�ect of limited rationality on choice)

Assume a student has only two acceptable schools for the �rst position, i.e. two schools

for which usps1 > c. Let u1 = 10c and u2 = 9c, p1 = 0.89 and p2 = 1. Assuming

admissions at each schools are independent, the student will not list two schools as

10c · 0 < 9c · 0.11 < c. This is true both under full and limited rationality. But, under

full rationality, the student lists only school 2, while under limited rationality, he only

lists school 1.

8This assumption is more realistic when the number of schools is not capped or when applicants
typically do not exhaust their list.
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3.3.6 Bounds on utility

Under the limited rationality assumption, the ranked order list of each applicant

entails relative bounds on {uis}Ns=1, the utilities for each school, and on ci, the unit-

cost of adding a school to the ranked order list. These bounds depend on the admission

probabilities. Proposition 3 spell them out:

Proposition 3

Let ris denotes the rank of school s in applicant i ranked order list. If school s is not

listed by applicant i, ris =∞. ri0 = k denotes the rank of the outside option.

Under assumption 3, the limited rationality assumption, the applicant chooses the

rank order list that maximizes her utility if and only if the following conditions on

applicant's utilities and cost hold:

1. For schools s.t. ris 6=∞ : (3.8)

uis ≥
ci
pisk

. (3.9)

uis ≥ uij ∀j s.t. rij 6=∞ and ris < rij and ∀j s.t. rij =∞ and uij >
ci
pijk

(3.10)

uis ≤ uij ∀j s.t. ris > rij (3.11)

2. For schools s.t. ris =∞ : (3.12)

uis ≤
ci
pisk

(3.13)

uis ≤ max(uij,
ci
pisk

) ∀j s.t. rij = k (3.14)

3. For the cost ci : (3.15)

ci ≤ pijkuijk ∀j s.t. rij = k (3.16)

ci ≥ 0 (3.17)

ci ≥ uijpijk ∀j s.t. rij =∞ (3.18)

ci ≥ uijpijk ∀j s.t. rij =∞ and uij > uij′ where rij′ = k (3.19)
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Proof. Proof in Appendix.

This proposition states that applicant's ranked order list is not only a true partial

order but that it also carries information about unlisted schools. If the admission

probability of an unlisted school is large enough, it entails that the listed schools have

larger utilities. On the other hand, it is not possible to rank the utility of an unlisted

school for which admission odds are very low as an applicant could have decided to

skip the school for this reason.

In general, this proposition is consistent with applicants omitting unlikely choices

at each step when �lling their list. A choice might be unlikely at some rank because

the unconditional probability of admission at the school pis is low. But, a choice

might also become unlikely as the applicant �lls her list. Indeed, pisk is decreasing in

k so it is possible that pisk is small even when pis1 is non-negligible. This second case

is consistent with applicants stopping their list when they are sure of being admitted

to one of the schools they listed. Finally, these inequalities correspond to the ones

implied by truth full reports, when c = 0 and DA is a strategy-proof.

This proposition will be key for estimation of preferences. Indeed, it entails that

it is possible to construct a vector of school indirect utilities and an unit-cost that is

consistent with optimally of the list observed, without considering all possible lists.

3.4 Identi�cation and estimation of preferences and

cost

3.4.1 Identi�cation

Most school choice models are identi�ed by a "special regressor" that is additively

separable from the utilities. In my setting, distance satis�es this property and can be

used as a special regressor for identi�cation. Nonetheless, as the model also includes

a cost parameter a second source of identi�cation is required. Indeed, variations in
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ranked order list for di�erent distance vector Di, given students' characteristics Xi

and admission probabilities Pi, cannot separately identify indirect utilities and cost.

The second source of identi�cation comes from variation in admission probabilities.

Fixing Di and Xi, changes in Pi identi�es the distribution of unit-cost, as long as the

variation in admission probabilities do not a�ect the distribution of indirect utilities.

Together with the variation in distances, the shifts in admission probabilities faced

by similar students allow to separately identify indirect utilities and cost.

Such shifts in admission probabilities may be hard to �nd in a cross-section as ad-

mission probabilities are mostly determined by students' characteristics (e.g. scores).

Nonetheless, year-to-year changes in admission criteria generates variation in admis-

sion probabilities for similar students. The NYC admission reform provides a perfect

setting as it entailed substantial variation in admission odds for di�erent type of

applicants.

3.4.2 Estimation

The estimation of the preference parameters, θ = ({βk}Kk=1,Σε, c, σζ), follows the two-

step method outlined in Agarwal and Somaini (2018). In the �rst step, I estimate

admission probabilities for each applicant at each school. The second step estimates

θ taking as given the �rst step estimates of admission probabilities. If the admis-

sion probabilities estimators are consistent and asymptotically normal, the two-step

estimator of θ is also consistent and asymptotically normal as the second step is is

equivalent to a maximum likelihood estimator.

First step: estimation of admission probabilities

Assuming that applicants hold rational expectations about their admission probabil-

ities, Agarwal and Somaini (2018) shows that a consistent estimator of applicants

beliefs p̂is can be obtained by bootstrapping students' assignments. This bootstrap

procedure captures the uncertainty in the probability of admission both due to the
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lottery and to the year-to-year variation in the applicants population . Speci�cally,

for a match in which some schools use a lottery number ts to rank students while other

schools rank students based on a score τi, the estimation of admission probabilities

at each school unfolds as follows.

• for each bootstrap simulation b = 1, ..., B :

� sample with replacement n applicants with their corresponding scores and

ranked order list.

� draw a new lottery number for each applicant

� run DA to obtain an assignment

� obtain the lottery number of the last admitted applicant tbs for lottery

schools and the score τ bs of the last admitted applicant for score schools.

• estimate the probability of admission of student i at each lottery school s as

p̂is =
1

B

B∑
b=1

tbs (3.20)

• estimate the probability of admission of student i at each score school s as

p̂is =
1

B

B∑
b=1

I(τi ≥ τ bs ) (3.21)

I assume that admissions' cuto� are approximately independent 9. Hence, given an

applicant's score, her admission at each school are independent events. On the other

hand, admissions at lottery schools are not independent events if multiple schools

use the same lottery number and lottery numbers are not known to applicant at

9This is a plausible assumption if the market becomes large, as variations in cuto� are due to
changes in the applicants' population. In the limit, admission cuto�s are constant in DA (Haeringer
and Klijn (2009)). In the empirical application, variations in cuto�s are also driven by changes in
the discretionary weights schools give to di�erent criteria when deciding students' ranking.
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the time of application. Indeed, applicant's rejection at a school carries information

on applicant's tiebreaker. As such, the probability of being o�ered each school is a

function of the school position in the ranked order list and of the maximum tiebreaker

at the schools ranked before. The list and position speci�c probability of each lottery

school can be computed by taking o� the largest cuto� of schools ranked before.

Formally, this entails that for each school s that uses a lottery and is ranked k

pisk = max

[
0 , pis −max

rij<k
pij

]
(3.22)

Second step: estimation of preference parameters

The second step is a maximum likelihood estimation that takes as given the admission

probabilities computed in the �rst step. Speci�cally, assumption 3.6 implies that the

vector of parameters maximize the likelihood that the observed ranked order list solve

students' sequential optimization problem:

θ̂ = argmax
θ∈Θ

n∑
i=1

logP(`i = arg max
`∈L

V (`)|Xi, Di, ti, τi; θ) (3.23)

This likelihood does not have a closed-form solution as the model imposes no

restriction on the covariance of indirect utilities from schools. Moreover, the large

number of potential ranked order lists makes it practically impossible to use simulated

likelihood methods, as the number of draws needed to compute the probability of

observing each choice would be extremely large.

To solve these problems, I adapt the Gibbs sampler developed in McCulloch and

Rossi (1994) to estimate a discrete choice multinomial probit model. The main dif-

ference with their approach is that I modify the constraints on utilities in the data-

augmentation step to be consistent with applicants' optimization problem. Speci�-

cally, I use the bounds on indirect utilities and cost derived in proposition 3 to pick

utilities and unit-cost that are consistent with applicants choosing their ranked order

list to solve the sequential optimization problem described in assumption 3.7.



138 CHAPTER 3. HEURISTIC SCHOOL CHOICE

The Gibbs sampler obtains draws of β, c, Σε and σζ from the posterior distribution

by constructing a Markhov Chain from any initial set of parameters. The chain is

constructed by sampling from the conditional posteriors of the parameters and the

utility vectors and unit-cost given the previous draws. The sampler iterates through

the following sequence of conditional posteriors:

βs+1|U s
i ,Σ

s
ε

Σs+1
ε |U s

i , β
s+1

cs+1|csi , σsζ

σs+1
ζ |c

s
i , c

s+1

U s+1
i |Σs+1

ε , βs+1, csi

cs+1
i |σs+1

ζ , cs+1, U s+1
i

The �rst four steps of the sampler follows McCulloch and Rossi (1994). The two

last data augmentation steps are di�erent as the set of constrains di�er. Details for

the Gibbs sampler can be found in Appendix.

This approach di�ers from Agarwal and Somaini (2018) as it does not compare

potential lists' utilities to pick schools' utility vectors that are consistent with observed

choice. This reduces substantially the number of constraints and avoids running into

the curse of dimensionality, Indeed, to draw each utility, it is enough to check at most

S + 1 constraints instead of |L|, the cardinality of the set of all potential lists in this

case.

3.5 Preliminary results

I illustrate the method by estimating preferences for school characteristics and the

unit-cost for adding a program in the NYC middle school match. To identify both



3.5. PRELIMINARY RESULTS 139

set of parameters, I exploit the 2019 admission reform in NYC district 15. I focus on

application years 2018, 2019 and 2020 and I use data from applicants both residing

and attending an elementary school in district 15 at the time of application.

Table 3.5.1 presents the characteristics of the sample used in the demand estima-

tion. The sample only includes non-SWD 2018-2020 applicants, as SWD applicants

are matched separately and were less impacted by the admission reform. Based

on programs' eligibility rule, a district 15 applicant may be eligible to 55 di�erent

programs, 13 of which located in the district. For simplicity, the sample is further

restricted to applicants that only listed programs among these.10

The demographic composition of the sample varies year-to-year re�ecting the vari-

ation in the district population. Nonetheless, the share of students o�ered a district

school that was a�ected by the admission reform is stable at 90 % over time. The

e�ect of the reform on applicants' alternatives is illustrated by the fall in the share

of screened programs between 2018 and 2019. While 50 % of programs available to

applicants screened applicants in 2018, less than 33% continued to do so in 2019 and

2020.

I �rst estimate preferences for the model with a cost of application, which en-

tails that applicants take into consideration admission probability when forming their

ranked order lists. The second model I estimate sets the cost of application to zero

for all students. Imposing this restriction is equivalent to estimating demand under

the assumption that ranked order lists are truthful. The estimates based on the last

50 000 out of 1 million draws are reported in table 3.5.2 for both models. The coe�-

cients' trace plots in appendix �gures 3..1 show that the sampler has almost converged

by the 1 millionth draw. Initial values and priors used for estimation are speci�ed in

Appendix B.

Both models' estimates are consistent with applicants preferring schools enrolling

high-achieving peers and White and Asian peers. Nonetheless, high-achieving peers

10A few students list programs they are not eligible for according to the program's rules.
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Table 3.5.1: Characteristics of sample

2018 2019 2020
(1) (2) (3)

% Asian applicants 0.12 0.11 0.10
% Black applicants 0.07 0.06 0.06
% Hispanic applicants 0.41 0.38 0.35
% White applicants 0.36 0.40 0.43
% FRPL applicants 0.49 0.47 0.44
% ELL applicants 0.10 0.10 0.08
Applicants mean math pro�ciency 3.2 3.3 3.4
Applicants mean english pro�ciency 3.2 3.4 3.3
Nb of Applicants 1522 1328 1211

% Applicants o�ered in-district 0.90 0.91 0.89
Nb of programs 55 55 55
% of screened programs 0.51 0.33 0.31

Note: This table presents the characteristics of the sample for the demand estimation. The sample
includes non-SWD applicants residing and attending an elementary school in district 15 during
years 2018-2020. The sample is restricted to applicants applying to programs for which applicants
in district 15 are eligible. Each column corresponds to an application year. Mean math and English
pro�ciency are computed based on the pro�ciency level obtained in 4th grade state tests. The number
of programs counts all programs for which at least one student in the sample is eligible, according to
NYC school directory. Screened programs are de�ned as programs that ranked applicants not only
using the tiebreaker.

are valued twice more than white and Asian peers. In the model allowing strategic

reports, applicants are willing to travel 0.55 more miles more to attend a school with

10 percent more high-achieving peers but only 0.25 more miles to attend a school

with 10 percent more White and Asians peers.

The estimates also reveal some extent of heterogeneity in preferences for school

characteristics. Applicants tend to prefer schools that enroll students more similar to

them. As such, higher-achieving applicants are more likely to apply to farther schools

that enroll a higher share of high-achieving students. On the other hand, minority

applicants value less schools enrolling many White and Asian students.

Estimated preferences for White and Asian peers and for higher-achieving peers
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Table 3.5.2: Preference Estimates for Models With and Without Application Cost

Prog. characteristics x Stud. characteristics

Model with cost Model with no cost

Share minority

β1 Main e�ect
-2.579
(0.001)

-1.651
(0.001)

β2 Minority applicants
0.989
(0.001)

0.680
(0.000)

β3 FRPL applicants
1.728
(0.000)

1.111
(0.001)

β4 High baseline applicants
-1.007
(0.001)

-1.061
(0.001)

Share high baseline

β5 Main e�ect
5.545
(0.000)

4.383
(0.000)

β6 Minority applicants
-0.558
(0.001)

-0.462
(0.000)

β7 FRPL applicants
-1.272
(0.001)

-1.205
(0.001)

β8 High baseline applicants
1.048
(0.001)

1.130
(0.001)

Σε Mean variance of utility error 2.768 2.584
σζ variance of cost error 0.076 -

c Avg. cost
0.073
(0.000)

-

Share w/ cost ci < 0.01 0.865 -

N 4,061 4,061

Notes: Select demand estimates from Gibbs Sampling. Column 1 shows

estimates for a model including an applicant cost. Column 2 shows es-

timates assuming such cost does not exist. Sample is of middle school

applicants to New York City public schools from 2018-2020. Estimates

re�ect interactions between program share minority, share high baseline

and dummies for student-level FRPL, minority, and high-baseline. Stan-

dard errors are in parentheses and are calculated using the trailing 50,000

draws.
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are respectively 50% and 25% larger in the model with a cost than in the model

that assumes truthfulness of ranked order lists. In addition, the heterogeneity in

preferences is of about the same magnitude. These two observations are consistent

with the omission of unlikely programs a�ecting the validity of the estimates from

the model assuming truthful reports. Indeed, applicants are less likely to list more

selective programs that enroll on average higher-achieving students, as their admission

odds at these programs tend to be lower. On the other hand, applicants also omit

listing less preferred programs as they might be certain of getting into one of the

programs they listed �rst.

The substantial impact of including an application cost arises despite the relatively

small estimated mean unit cost. On average, the cost of including one more program in

a student's list corresponds to travelling 0.07 mile. Moreover, 87 percent of applicants

have an unit-cost lower than 0.01, which suggests that most applicants adopt very

safe listing strategy by omitting only very unlikely assignment.

3.6 Conclusion

In this paper, I develop a model of applicants' formation of schools' ranked order lists

which the truthfulness assumption. My model assumes applicants bear some cost

of application and consider their chances of admission at each school when forming

their lists. In my model, applicants follow an heuristic method to choose their list.

Applicants �ll in their list sequentially with a limited understanding on the dynamic

consequences of each choice. Speci�cally, applicants choose which school to list at

each step under the assumption that any omitted school may be ranked further down

in their list, without internalizing that such school might not be worth listing later

on. This model of applicants' listing behavior is consistent with applicants submitting

"short-list" to the mechanism either because they have good admission odds at only

few schools or because they have a high probability of being admitted to their most
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preferred schools.

Besides being maybe a better approximation to applicants' decision making, this

model of application behavior facilitates the estimation of applicants' preferences for

schools. Indeed, I show that this model implies a series of inequalities that characterize

applicants' indirect school utilities and application cost. These inequalities allows to

estimate applicants' preferences without running into the curse of dimensionality,

following the two-step procedure developed in Agarwal and Somaini (2018).

I illustrate this method by estimating preferences for middle schools in NYC,

leveraging an admission reform in one of NYC school district. Preliminary results

show that the truthfulness assumption impacts substantially the preference estimates.

Compared to a model that considers students' ranked order lists as truthful, my

model's estimates entail that applicants preference for White and Asian peers is 50%

larger while the preference for high-achieving peers is 25% larger. This �nding is

consistent with students omitting more competitive programs for which they believe

their admission odds are small. Indeed, the omission of competitive schools, which

also enroll more high achieving students and more White and Asian students on

average, results in low estimated taste for high achieving peers and White and Asian

peers under the truthfulness assumption.
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Appendix

Appendix A : Proof of proposition 1

I aim at showing that applicant's ranked order list maximizes applicant's utility under

limited rationality if and only if the above bounds hold:

1. Bounds for listed programs:

The following bounds follow straightforwardly from DA and the optimization

problem. Indeed, if two programs are ranked, one may swap their ranking to

increase the probability of the program with the highest utility:

uis ≥
ci
pisk

uis ≥ uij ∀j s.t. ris < rij

uis ≤ uij ∀j s.t. ris > rij

Hence, I only need to prove that the following bound holds:

uis ≥ uij ∀j s.t. rij =∞ and uij >
ci
pijk

I drop the subscript i throughout the proof for simplicity.

Under the limited rationality assumption, at step k, the applicant's optimization

problem corresponds to choosing the ranked order list ` over Sk given {uj}j∈Sk

145
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and {pjk}j∈Sk
so that to maximize

∑
j∈Sk

ujaj(`, pjk)

Let us = maxujj∈Sk
then s must be the �rst element of `. Indeed, let's assume

by contradiction that this is not the case. Then by moving s to the top of the

list, the utility of the applicant decreases by:

∑
j∈Sk:rj<rs

αj(`)uj

At the same time, her utility increase by:

∑
j∈Sk:rj<rs

αj(`)us

where αj(`) is the probability of being above the cuto� for admission at both

schools s and j, conditional on not being above the cuto� for any school ranked

before. Formally, if we denote Ak to be the event of being above the cuto� for

school k, we have

αj(`) = Pr

As ∩ Aj |
 ⋃
j′∈Sk:rj′<rj

Aj′

c  .
2. Bounds for unlisted programs
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uis ≤ max(uij,
ci
pisk

) ∀j s.t. rij = k

uis ≤
ci
pisk

The �rst bound follows directly from the lower bounds of listed programs. In-

deed an unlisted program must either have an expected utility lower than the

cost of adding a program or a lower utility than the listed program at all the

ranks of the applicant's list. The second bound follows from the fact that ui0 = 0

and by considering that the outside option can be viewed as the last program

listed by any applicant.

3. Bounds for the cost ci:

ci ≤ pijkuijk ∀j s.t. rij = k

ci ≥ 0

ci ≥ uijpijk ∀j s.t. rij =∞

ci ≥ uijpijk ∀j s.t. rij =∞ and uij > uij′ where rij′ = k

The bounds for the cost follow directly from inverting the utility bounds for all

listed or unlisted programs.
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Appendix B : Gibbs sampler

Given the school indirect utilities and unit-cost parameterization:

uis =
K∑
k=1

βkxisk − dis + εis (3.24)

ci = c+ ζi (3.25)

The vector of parameters to be estimated is the following θ = ({βk}Kk=1,Σε, c, σζ).

This parameters' vector is estimated through data augmentation using the following

Gibbs sampler:

1. Initiate the sampler with vectors U0
i , cost c

0
i and priors β0 ∼ N(µ0, V 0), Σ0

ε ,

c0 ∼ TN(µ0
c , σ

0
c , 0,∞), σ0

ζ .

2. Sample β1 given Σ0
ε , and U

0 from N(µ1, V 1).

• Compute the diagonal matrix C from the Cholesky decomposition of Σ0
ε =

CC ′

• Compute X∗i = C ′Xi and R
∗
i = C ′(Ui +Di)

• Compute V 1 = (X∗
′
X∗ + (V 0)−1)−1

• Compute µ1 = V 1(X∗
′
R∗ + (V 0)−1µ0)

3. Sample Σ1
ε given β

1 and U0 from a IW (N + 100, O + S)

• O is an identity matrix of size S × S

• S =
∑N

i=1 εiε
′
i where εi = U0

i +Di −Xiβ
1

4. Sample the vectors U1
i by sampling iteratively from truncated normal distribu-

tions given U0
i , c

0
i , β

1 and Σ1
ε .
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• Draw iteratively each u1
is =

∑K
k=1 βkxisk−dis+εis where εis ∼ TN(0, σ2

is, lis, uis)

with lis, uis computed using the ranked order list of each applicant and the

bounds speci�ed in proposition 3, u0
i , u

1
i , c

0
i and σ

2
is = Σ1

εss−Σ1
εs(−s)[Σ

1
ε(−s)(−s)]

−1Σ1
ε(−s)s.

5. Sample c1 given σ0
ζ , and c

0
i from TN(µ1

c , σ
1
c , 0,∞).

• Compute σ1
c = (N/σ0

ζ + 1/σ0
c )
−1. N is the number of students as here

X ′cXc = N because Xc = 1.

• Compute µ1
c = σ1

c (1
′Rc/σ

0
ζ + µ0

c/σ
0
c ) where Rci = c0

i

6. Sample σ1
ζ given c

1 and c0
i from a IW (N + 3, 3 +

∑
i(c

0
i − c1)2)

7. Sample the vectors c1
i by sampling from truncated normal distributions given

U1
i , c

1 and σ1
ζ .

• Consider the bounds for each ci de�ned in proposition 3 and given by U1
i

and the rank order list.

As starting values for the indirect utility vector and the unit-cost, I set

uis = 0 ∀s s.t. ris =∞

uis = (13− ris)/13 ∀s s.t. ris 6=∞

ci = 0

I use di�use priors to minimize their in�uence on our estimates. I set the prior

distributions for parameters β ∼ N(µ0, V 0) and c0 ∼ TN(µ0
c , σ

0
c , 0,∞)

µ0 = 0 (3.26)

V 0 = 100× I (3.27)

µ0
c = 0 (3.28)

σ0
c = 10 (3.29)
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and the priors for the variances of indirect utilities, Σε ∼ IW (100, I) and the

unit-cost σζ ∼ IW (3, 3).

Appendix C : Additional Figures
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Figure 3..1: Evolution of Standardized School Isolation Indexes for FRPL and Mi-
nority Students

−2.5

−2.0

−1.5

−1.0

−0.5

0k 200k 400k 600k 800k 1,000k

Number of draws

β1

0.4

0.6

0.8

1.0

0k 200k 400k 600k 800k 1,000k

Number of draws

β2

0.75

1.00

1.25

1.50

1.75

0k 200k 400k 600k 800k 1,000k

Number of draws

β3

−1.0

−0.9

−0.8

−0.7

−0.6

0k 200k 400k 600k 800k 1,000k

Number of draws

β4

Cost

No cost



152 CHAPTER 3. HEURISTIC SCHOOL CHOICE

4.4

4.8

5.2

5.6

0k 200k 400k 600k 800k 1,000k

Number of draws

β5

−0.5

−0.4

−0.3

−0.2

0k 200k 400k 600k 800k 1,000k

Number of draws

β6

−1.2

−1.0

−0.8

−0.6

0k 200k 400k 600k 800k 1,000k

Number of draws

β7

0.6

0.8

1.0

0k 200k 400k 600k 800k 1,000k

Number of draws

β8

Cost

No cost

Note: Trace plots for all coe�cients that parametrize students' indirect utilities for schools for the
model that includes a unit-cost for adding a school to the ranked order list and the model with no
cost.
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