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Abstract

Over my Ph.D. study, I work on various projects about the school choice reform

in New York City, with a special focus on understanding how students or parents

choose high schools and evaluating education policies. Specifically, my dissertation

consists of two essays: the first one aims to detect whether small schools are effective

in improving students’ academic performance; the second one measures how one’s

own school choice is affected by his or her neighbors.

In the first chapter, which is coauthored with Atila Abdulkadiroglu and Parag

Pathak, We use assignment lotteries embedded in New York City’s high school match

to estimate the effects of attendance at a new small high school on student achieve-

ment. More than 150 unselective small high schools created between 2002 and 2008

have enhanced autonomy, but operate within-district with traditional public school

teachers, principals, and collectively-bargained work rules. Lottery estimates show

positive score gains in Mathematics, English, Science, and History, more credit accu-

mulation, and higher graduation rates. Small school attendance causes a substantial

increase in college enrollment, with a marked shift to CUNY institutions. Students

are also less likely to require remediation in reading and writing when at college.

Detailed school surveys indicate that students at small schools are more engaged

and closely monitored, despite fewer course offerings and activities. Teachers report

greater feedback, increased safety, and improved collaboration. The results show that

school size is an important factor in education production and highlight the potential
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for within-district reform strategies to substantially improve student achievement.

In the second chapter, I use the exact home addresses and the complete high

school application records to estimate neighborhood impact on the choice of high

schools in the New York city. This paper converts home addresses to location coor-

dinates and exploit that metric to rank students’ neighbors by distance and estimate

the marginal influence of the school choice of the immediate (ten nearest) neighbors

relative to that of more distant neighbors. With the assumption that one’s immediate

neighbors are formed roughly randomly within the reference group, I find that stu-

dents are 20% more likely to rank the identical schools as their immediate neighbors

than their more distant neighbors. The estimated effects are stronger among stu-

dents with homogeneous ethnic and academic backgrounds. For a robustness check, I

match the home addresses with the 2010 census data to group students into different

census blocks and block groups. This alternative definition of neighborhood peers by

census geographic boundaries further confirms the existence of social interactions on

school choice. Further, I study if elder neighbors’ experience of school choice benefits

younger neighborhood peers. On one hand, information sharing can be beneficial:

experience from older students improves their nearest neighbors’ probability of being

matched with their top choice. On the other hand, inefficient herding for students

living in the less informed areas can be a disadvantage of neighborhood interactions.

v



This thesis is dedicated to my husband Kai Li, who has been a constant source of

support and encouragement during the challenges of graduate school and life. I am

truly thankful for having you in my life. This work is also dedicated to my parents,

Jiafu Hu and Yingzhang Song, who have always loved me unconditionally and whose

good examples have taught me to work hard for the things that I aspire to achieve.

I also dedicate this dissertation to my sisters, Qiaoqiao and Junjun, for being there

for me throughout the entire doctorate program. Both of you have been my best

cheerleaders. And lastly, I would like to dedicate this thesis to my lovely son, Kevin,

who has grown into a wonderful 3 year old in spite of his mother spending so much

time away from him working on this dissertation.

vi



Contents

Abstract iv

List of Tables x

List of Figures xii

Acknowledgements xiii

1 Introduction 1

2 Small High Schools and Student Achievement: Lottery-Based Evi-
dence from New York City 3

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.2 Small Schools in New York City . . . . . . . . . . . . . . . . . . . . . 9

2.2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2.2 Small Schools Studied . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Empirical Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.1 Estimating Equations . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.2 Extracting Assignment Lotteries from the High School Match 17

2.4 Data and Descriptive Statistics . . . . . . . . . . . . . . . . . . . . . 20

2.4.1 Sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4.2 Student Characteristics . . . . . . . . . . . . . . . . . . . . . . 21

2.4.3 Small School Environment . . . . . . . . . . . . . . . . . . . . 23

2.5 Lottery Estimates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.5.1 Regents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

vii



2.5.2 Credits, Grade Repetition, and Attendance . . . . . . . . . . . 29

2.5.3 Graduation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.6 College Enrollment and Choice . . . . . . . . . . . . . . . . . . . . . 34

2.7 Other Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.7.1 Subgroups . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.7.2 Schools Over Time and Closed Schools . . . . . . . . . . . . . 38

2.7.3 Intermediaries . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.8 Mechanisms and Changes in School Environment . . . . . . . . . . . 42

2.9 School Size in Education Production . . . . . . . . . . . . . . . . . . 47

2.10 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3 Neighborhood Interactions and School Choice: Evidence from New
York City 83

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.2 Relation to Existing Literature . . . . . . . . . . . . . . . . . . . . . 90

3.3 Neighborhood Effect Channels . . . . . . . . . . . . . . . . . . . . . . 92

3.4 Data and Background . . . . . . . . . . . . . . . . . . . . . . . . . . 93

3.5 Empirical Framework and Identification Strategies . . . . . . . . . . . 98

3.5.1 Choice Similarity . . . . . . . . . . . . . . . . . . . . . . . . . 100

3.5.2 Choice Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . 106

3.6 Robustness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

3.6.1 Alternative Definition of Neighborhood Peers . . . . . . . . . 110

3.6.2 Differential Effects and Neighborhood Heterogeneity . . . . . . 113

3.7 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

3.7.1 Propensity of Choosing Same Schools . . . . . . . . . . . . . . 120

3.7.2 Impact on Choice Outcomes . . . . . . . . . . . . . . . . . . . 122

3.7.3 Peer Effect Channels . . . . . . . . . . . . . . . . . . . . . . . 124

viii



3.8 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

3.9 Tables and Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

3.10 Figures and Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

A Appendix to Chapter 1 148

A.1 Constructing List of Small High Schools . . . . . . . . . . . . . . . . 148

A.2 Data Sources for Student Applications, Outcomes, and School Surveys 152

A.3 NYC School Climate Surveys . . . . . . . . . . . . . . . . . . . . . . 160

A.4 Matching Datasets and the Analysis Sample . . . . . . . . . . . . . . 161

B Appendix to Chapter 2 165

B.1 Data Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

B.1.1 Geographic Data and Neighborhood Peers . . . . . . . . . . . 165

B.1.2 Construction of Peer Measures . . . . . . . . . . . . . . . . . . 167

Bibliography 169

Biography 179

ix



List of Tables

2.1 Study Participation of NYC Small High Schools . . . . . . . . . . . . 57

2.2 Descriptive Statistics for Students . . . . . . . . . . . . . . . . . . . . 58

2.3 NYC Enrollment Decisions, Average Per-Pupil Expenditure, and
School, Teacher, Staff, and Peer Characteristics for Small High School
Compliers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

2.4 Lottery Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

2.5 Lottery Estimates on Credits and Attendance . . . . . . . . . . . . . 63

2.6 Lottery Estimates for High School Graduation and College Remediation 64

2.7 Lottery Estimates on College Choice, Enrollment, and Persistence . . 65

2.8 Lottery Results for Subgroups . . . . . . . . . . . . . . . . . . . . . . 66

2.9 Lottery Results by Intermediary . . . . . . . . . . . . . . . . . . . . . 67

2.10 Contrasts in School Environment for Small School Compliers
from Student Responses on NYC School Climate Surveys . . . . . . . 68

2.11 Contrasts in School Environment for Small School Compliers
from Teacher Responses on NYC School Climate Surveys . . . . . . . 69

2.12 2SLS Estimates of School Size . . . . . . . . . . . . . . . . . . . . . . 70

2.A1 New York City Small High Schools Eligible for the Study . . . . . . . 71

2.A2 Lottery Information at NYC Small High Schools . . . . . . . . . . . . 75

2.A3 Attrition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

2.A4 Lottery Estimates for College Board Outcomes . . . . . . . . . . . . . 78

2.A5 a NYC Enrollment Decisions, School Characteristics, and
Peers Characteristics for Compliers by Intermediary . . . . . . . . . . 79

x



2.A5 b NYC Enrollment Decisions, School Characteristics, and
Peers Characteristics for Compliers by Intermediary . . . . . . . . . . 80

2.A6 Lottery Results by School Subsamples . . . . . . . . . . . . . . . . . 81

2.A7 Contrasts in School Environment for Small School Compliers
from Parent Responses on NYC School Climate Surveys . . . . . . . 82

3.1 Student Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . 135

3.2 Correlation Between Individual and Average Characteristics of Ten
Closest Neighbors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

3.3 Neighborhood Effects without Controls . . . . . . . . . . . . . . . . . 137

3.4 Heterogenous Neighborhood Effects . . . . . . . . . . . . . . . . . . . 138

3.5 Difference Between Near and Distant Neighbors and Omitted Vari-
ables Bias . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

3.6 Neighborhood Effects on School Choice Outcomes: Heterogenous Model142

3.7 Choice Outcomes: New versus Old Residents . . . . . . . . . . . . . . 143

3.8 Neighborhood Effects on School Choice Outcomes by race, gender and
achievement categories . . . . . . . . . . . . . . . . . . . . . . . . . . 144

3.A1 Neighborhood Effects without Controls . . . . . . . . . . . . . . . . . 145

3.A2 Correlation between individual and block average characteristics, by
borough . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

3.A3 Commutativity of Peer Groups . . . . . . . . . . . . . . . . . . . . . 147

2.B1 Processing of Small School Application Data from HS Match . . . . . 162

2.B2 Match from Small School Applicants to Regents Test Score Outcomes 163

2.B3 Match from Small School Applicants to Outcome Data . . . . . . . . 164

xi



List of Figures

2.1 The Number of Public High Schools in New York City Between 2002-
2008 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

2.2 The Location of NYC Small High Schools Created Between 2002-2008 54

2.3 Growth of Eligible New York City Small High Schools . . . . . . . . . 55

2.4 The Location of NYC Small High Schools Created Between 2002-2008 56

3.1 Similarities in School Choice . . . . . . . . . . . . . . . . . . . . . . . 126

3.2 Distance to Neighbors (in meters). . . . . . . . . . . . . . . . . . . . 127

3.3 Distribution of Blocks per Block Group (2004-2007) . . . . . . . . . . 128

3.4 Distribution of Sampled Applicants per Block (2004-2007) . . . . . . 129

3.5 Neighborhood Effects by Population Density Decile . . . . . . . . . . 130

3.6 Neighborhood Effects on Income Decile . . . . . . . . . . . . . . . . . 131

3.7 Neighborhood Effects on School Choice. . . . . . . . . . . . . . . . . 132

3.8 Neighborhood Effects by Ethnicity Deciles. . . . . . . . . . . . . . . . 133

xii



Acknowledgements

I wish to thank my committee members who were more than generous with their

expertise and precious time. A special thanks to Atila Abdulkadiroglu, my committee

chairman for his countless hours of reflecting, reading, encouraging and most of all

patience throughout the entire doctorate program. Thank you Peter Arcidiacono,

Patrick Bayer, and Jacob Vigdor for agreeing to serve on my committee. I also would

like to acknowledge and thank Parag Pathak for providing any assistance requested,

who along with Atila Abdulkadiroglu and Peter Arcidiacono provided tremendous

help with my job search process.

xiii



1

Introduction

My completed research falls into three areas: Micro Econometrics, Economics of

Education and Economics of Networks. In the course of my research experience, I

am becoming familiar with core methods in today’s econometric toolkit as well as

the broad literature in education, program evaluation and social interactions.

My current two working papers exploit econometric techniques for randomized

trials and quasi-experiments, respectively. Randomized trials are experiments in

which the division into treatment and control groups is randomly determined (for

example, by lottery). The is an important line of research in the literature of program

evaluation. In my working paper “Small High Schools and Student Achievement:

Lottery-Based Evidence from New York City , coauthored with Atila Abdulkadiroglu

and Parag Pathak, we take advantage of the random assignment of 8th graders to

small high schools in NYC to study the effectiveness of small schools on improving

students academic performance. Our results show that school size is an important

factor in education production and highlight the potential for within-district reform

strategies to substantially improve student achievement.

Although randomized trials present the convincing setting for researchers to iden-
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tify causal relationships, the experimental designs are not ubiquitous. More generally,

researchers have to exploit the features of data sets to find the roughly random set-

tings. In my second paper, “Neighborhood Interactions and School Choice: Evidence

from New York City , I make use the student-level home address information and

convert addresses to location coordinates to rank an individuals neighbors from clos-

est to the most distant in geographic nearness. Because of the thinness of housing

market, at a particular move-in date, a family is not able to choose the exact res-

idential location, which is the crucial determinant of its distance to each neighbor.

Thus, the composition of neighborhood peers is as good as random within a small

geographic level. This construction of peer groups alleviates the confounding sorting

issue with the identification of social interactions.

In addition to identifying the reduced-form causal effects, I am also interested

in investigating families decision-making process in childrens education investment.

The current literature on school choice assumes that individuals independently make

choice out of heterogeneous preferences. However, my second paper presents evi-

dence that the choice is correlated among neighborhood peers. Among one’s social

networks of influence like friends, classmates, co-workers, neighbors and more, the

choices of students in one’s neighborhood are more informative because they have

more relevant information to share. Although this paper does not distinguish the

exact mechanism of neighborhood interactions, its evidence on the strength of neigh-

borhood influence on school choice is still important for at least two reasons. First,

it shows that living together improves the probability of ranking and attending iden-

tical schools. Given the wide presence of residential segregation in large cities like

NYC, neighborhood interactions may result in the school segregation with the cur-

rent school choice reform. Second, policy interventions of providing less informed

neighborhood with transparent and easily accessible information have an amplified

effect due to endogenous social interactions.
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2

Small High Schools and Student Achievement:
Lottery-Based Evidence from New York City

2.1 Introduction

One of the most significant trends in US public education in the last half-century

has been the emergence of large comprehensive high schools, which teach a range of

students a wide variety of curricula. In 1950, there were about 24,500 high schools

educating 5.7 million students across the United States. Even though the total high

school population increased more than 2.3 times, by 2000 there were only about 1,900

more high schools, implying that average high school size increased from about 230

to just over 500. In the past fifty years, the percent of high schools enrolling more

than 1,000 students grew from 7 to 25 percent and from 1990 to 2000, the number

with more than 1,500 students doubled Lawrence (2002); NCES (2010). The postwar

consolidation and growth in high school size represents the culmination of aggressive

efforts by advocates including Harvard University’s President James Conant who

called for the “elimination of the small high school” and for the extension of the high

school curriculum beyond traditional academic areas Conant (1959); Toch (2003).
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Proponents of school consolidation see large comprehensive high schools as real-

izing scale economies by educating more students with the same facilities, staff, and

resources. They also point to a greater diversity of curricular and extra-curricular

offerings and the potential for interaction across a range of socioeconomic groups.

At the same time, in large schools, there may be challenges in monitoring students.

Resources spent maintaining order and discipline could otherwise be used to educate

students. Moreover, teachers may face difficulties providing personalized instruction

and developing long-term relationships with students. More individualized attention

and frequent interaction may improve students’ sense of belonging and provide focus

in schools’ curricula and culture Toch (2003); Iatarola et al. (2008).

In the last decade, perhaps the most wide-ranging reform in public K-12 education

involved the restructuring of large, underperforming high schools into small schools.

Since the 2001-02 school year, about 1,600 new small schools have been created in

the United States Toch (2010). More than half of the nation’s largest urban school

districts have transformed some large high schools into smaller ones and the Gates

Foundation has pushed small school efforts in 275 districts nationwide Brynes (2003);

Robelen (2005). Some are entirely new schools, while others involve the conversion of

formerly large high schools into several small schools. The most significant changes

have taken place in New York City (NYC), the nation’s largest school district where

more than 150 new unselective small high schools with 9th grade have opened since

2002.

The purpose of this paper is to assess the causal effects of attendance at new

small high schools in New York City on student achievement, graduation, and col-

lege. Aside from size, the common features of NYC’s small schools are “academic

rigor, personalized learning environments, and partnerships with non-profit organiza-

tions, cultural institutions, and businesses that bring additional resources to enhance

learning” Klein (2005). Schools formed as part of the New Century High School Ini-
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tiative commit to educational principals, but are free to make choices about curricula

and principals operate with more autonomy Hemphill and Nauer (2009). Many have

specific themes or career focus, including science and technology, arts and humani-

ties, career and professional training, or leadership and service. A unique feature of

the New York City’s small school initiative is that it has been implemented in part-

nership with the NYC’s Department of Education (DOE), the United Federation

of Teachers, and the Council of Supervisors and Administrators NVPS (2006). In

particular, teachers and principals at small schools have their salaries and benefits

set based on district-wide collective bargaining agreements. Therefore, our study

not only provides evidence of the role of school size in education production, but

also whether effective secondary school reform can take place within the existing

traditional public school system.

The evaluation of small schools is made difficult by the fact that the schools

may select motivated students with involved parents, by giving preference to those

who attend information sessions or open houses (see, e.g., Gootman (2006a)). As a

result, just as in any study of school models, selection bias is the major empirical

challenge in studying the effects of the new small high schools. To obtain a seat at

a small high school a student must apply via the New York City high school match,

a centralized process that assigns all entering high school students to city schools

Abdulkadiroğlu et al. (2005, 2009). Unlike other NYC public high schools (many of

which screen applicants), if there are more applicants than seats, then assignment

to an unselective small school involves a random component. If two students rank a

particular school as their most preferred choice and are in the same school priority

group, then the student with the more favorable lottery number will be offered the

seat before the student with a less favorable lottery number. Using this random

variation, we are able estimate causal effects free of selection bias for 108 out of 151

new, small unselective high school programs.
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Students who attend the schools in our study would otherwise attend traditional

New York City public high schools, though predominantly in the Bronx and Brook-

lyn neighborhoods where small schools were created. NYC public schools serve a

disproportionately black and Hispanic student population. Like many urban school

districts, NYC students have lower test scores and high school graduation rates, and

are less likely to go to college than students from nearby districts. Relative to this

group, NYC small schools serve an even higher fraction of black and Hispanic stu-

dents, with below-average baseline scores. Though our paper focuses on more than

70% of oversubscribed schools, it’s worth noting that we cannot use our method-

ology to study schools that are not oversubscribed. We therefore see our lottery

estimates as providing unusually clean evidence about possibilities for urban small

schools reform, rather than an overall small school treatment effect. The effects of

small schools in urban populations are of special interest given the paucity of exam-

ples of successful interventions for this population, in particular for outcomes related

to college choice and enrollment.1

Lottery-based estimates show large and consistent score gains for students who

attend a small high school on New York State Regents tests, statewide high-stakes

exams required for graduation. Students score higher on all five of the major Re-

gents tests: Mathematics, English, Living Environment, Global History, and United

States History. Small school attendance causes an increase in credit accumulation,

attendance, and graduation rates. Though small school students perform no better

on the PSAT or SAT, they are considerably more likely to enroll in college and are

less likely to require remediation in reading and writing. A significant fraction of

small school students are pushed to four-year public institutions and those within

1 Cullen et al. (2013) provide a recent review of high school reform. Although lauding the effects of
high-performing “No Excuses” charter schools studied by Abdulkadiroğlu et al. (2011b) and Dobbie
and Fryer (2011), they remain skeptical that such “Herculean” (quoted in original) efforts can be
scaled.
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the City University of New York (CUNY) system. The evidence, so far, indicates

that they are more likely to matriculate for at least two academic semesters.

New York City’s Department of Education enlisted the support of several inter-

mediary organizations in designing and supporting new small schools. Although they

were established around a common set of principals set by the Gates Foundation, the

intermediaries differed in their implementation of those principals. Seven out of the

18 intermediaries – New Visions, Replications, Urban Assembly, NYC Academies,

Institute for Student Achievement, College Board, and Outward Bound – established

more than 90 percent of the schools during the time of our study. We also report

on an investigation of achievement differences across these intermediaries. With a

few exceptions, we find broadly consistent effects for the main outcomes though

usually with reduced statistical precision. This pattern suggests that idiosyncratic

implementation details introduced by intermediaries are trumped by larger changes

associated with significantly smaller school size.

After documenting small school effects, we turn to an investigation of school

practices using detailed information from the NYC Learning Environment Survey,

the nation’s largest annual school survey. This survey has unusually widespread

coverage; it is completed by roughly three-quarters of students and teachers, and

upwards of 45% of eligible parents during our time period. Following other studies

that use survey information to complement quasi-experimental school evaluations

(see, e.g., Angrist et al. (2013b), Dobbie and Fryer (2013a), Pop-Eleches and Urquiola

(2013)), we utilize survey responses to investigate mechanisms for the small school

effects. Students in our small schools experiment are at schools associated with higher

levels of engagement, safety and respect, academic expectations, and communications

compared to those who do not obtain offers. In particular, students report that they

are more closely monitored and have more frequent interactions with teachers. On

the other hand, small schools have substantially fewer activities and course offerings.

7



Teachers report greater feedback, increased safety, and improved collaboration at the

schools in our experiment.

New York City’s experience with small schools stands out not only because it

was a signature part of Bloomberg-era reforms, but also because it involved the

largest number of new small high schools created in any district. Between 2002 and

2008, the number of high schools in NYC increased from just over 250 to nearly

450 (shown in Figure 1). Gates Foundation-funded policy reports and briefs by

MDRC (Bloom et al. (2010), Bloom and Unterman (2012), and Bloom and Unterman

(2013)) also study the effects of small high schools on progression towards graduation

and high school graduation using the high school match, though with a different

econometric approach and sample.2 Other studies of small school efforts that do not

use lotteries in NYC and elsewhere generally find positive results. Foley and Reisner

(2009) present an observational analysis of the New Century High Schools, while

Schwartz et al. (2013) use an instrumental variables strategy based on proximity.

Both papers report positive graduation results for new small schools. Similarly,

Barrow et al. (2013) also use distance as an instrument to study Chicago’s new small

high schools and find that students are more likely to graduate. Kuziemko (2006)

uses shocks to school enrollment to study Indiana’s small schools and finds positive

math and attendance effects.3 This paper also contributes to a growing literature

exploiting random variation in student assignment processes to study school effects

(see, e.g., Angrist et al. (2012), Angrist et al. (2013b), Cullen et al. (2006), Deming

et al. (2011)), though lottery-based studies tracking student to college choice and

2 Other reports that study NYC’s small high schools include Hemphill and Nauer (2009), which
provides a descriptive account of the expansion of small schools and choice in NYC, Foley et al.
(2010), which describes intermediary organizations, and Shear et al. (2008), which reports on surveys
of implementation issues with Gates Foundation supported small schools.

3 While small schools have fewer students per grade, they do not necessarily have smaller class
sizes. Studies of class size reductions generally report positive achievement effects Angrist and Lavy
(1999); Krueger (1999); Dynarski et al. (2011); Fredriksson et al. (2013).
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enrollment are still relatively rare.4

The next section describes New York City’s small schools in more detail and

schools in our study. Section III describes our lottery-based estimation framework

based on the centralized high school match, while Section IV presents data and

descriptive statistics. Section V presents the lottery estimates for Regents, cred-

its, attendance, and high school graduation. Section VI presents results for college

enrollment and choice. Section VII reports on results split by student groups and

by school intermediaries, while Section VIII contains further information on differ-

ences in the small school learning environment. Section IX examines what can be

learned more generally about the role of school size in education production from

our analysis. The paper concludes in Section X.

2.2 Small Schools in New York City

2.2.1 Background

There has been experimentation with small high schools in New York City for a

number of decades. An important antecedent to the large-scale changes in the 2000s

that we study here took place in the 1980s, when Chancellor Anthony Alvarado

reorganized East Harlem’s District 4 and empowered Deborah Meier, an education

reformer often described as the founder of the modern small schools movement, to

establish 15 small schools in New York City Toch (2003). In 1994, the Annenberg

Foundation gave a $25 million grant to encourage small school creation, but these

schools were not seen as central to Chancellor Rudy Crew’s reform agenda UFT

(2005); Gootman (2006b). Small school reform rose to the top of the reform agenda

with the 2001 election of Michael Bloomberg as Mayor of New York City, the imposi-

tion of mayoral control, and the subsequent appointment of Joel Klein as Chancellor

4 Deming et al. (2011) show that attending a higher value-added school in Charlotte increases
college enrollment for girls, while Angrist et al. (2013a) and Dobbie and Fryer (2013b) find that
high-performing charter schools significantly increase college enrollment.
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in 2002. The DOE, together with the United Federation of Teachers and Council of

Supervisors and Administrators, launched the New Century High School Initiative

with $31 million in financial support from the Bill and Melinda Gates Foundation,

Carnegie Corporation, and the Open Society Institute.

At the beginning, there was a fertile landscape for school development with the

DOE hosting workshops on school design, budgeting, hiring, and building partner-

ships with local organizations. Intermediary organizations submitted applications to

the DOE to start new schools describing their vision, curriculum and instructional

model, teacher evaluation practices, leadership and governance structure, and pro-

posed budget. The Gates Foundation identified rigor, relevance, and relationships

(“the three Rs”) as the key to high school reform. They envisioned small schools

as allowing teachers and staff to create an environment where students could be

more easily monitored and feel safer; this would in turn increase motivation and

attendance, and ultimately high school graduation and college enrollment rates. Un-

derserved low-income and minority students, in particular, were expected to benefit

from the personalized academic and social support at small schools Gates (2005).

The New Visions for Public Schools, an education reform organization in NYC,

played a major role in directing new school creation. They identified ten principles of

school design: a rigorous instructional program, personalized instructional relation-

ships, a clear focus on teaching and learning, instructional leadership, school-based

teacher-driven professional development and collaboration, meaningful continuous

assessment, community partners, family/caregiver involvement, youth participation

and development, and the effective use of technology Foley et al. (2010).

To supervise new school creation, the DOE established a designated develop-

ment/advocacy office with direct reporting to the chancellor Bloomfield (2006); Foley

and Reisner (2009). The strongest proposals were granted, and Gates distributed

planning grants to new school organizers of $400,000 over four years and $200,000
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to assist with school implementation Foley et al. (2010). Approved schools typically

started in 9th grade with 100 students and grades were added as classes were pro-

moted. To focus on struggling students, many small schools opened in economically

disadvantaged areas of New York City. Figure 2 shows that Bronx and Brooklyn

were home to the greatest number of new small high schools. A total of 61 new

small high schools with 9th grade entry opened in the Bronx, 44 in Brooklyn, 22 in

Manhattan, 15 in Queens, and 1 in Staten Island.

By 2003, the Gates Foundation granted an additional $58 million to New Vi-

sions and other intermediary organizations. Mayor Bloomberg and the DOE an-

nounced ambitious plans to expand the New Century initiative and create numerous

additional small schools. The new centralized high school admissions process also

allowed students to access the increased number of school options Abdulkadiroğlu

et al. (2005). The peak year of Gates-supported small high school creation was 2004,

when 49 new unselective small high schools opened, with 18 in the Bronx and 17

in Brooklyn. Figure 3 shows that new small school creation tapered afterwards. In

2007, there were 12 newly created small schools, while in 2008, there were only 4.

At least 60,000 students enrolled in a new small high school in our study between

school years 2004-05 through 2009-10.

After jumpstarting small school creation in New York City, the Gates Foundation

has since turned its attention away from small schools. Foundation president Bill

Gates concluded that small schools did not have the effect on college readiness and

graduation rates that he expected Gates (2009). However, since high small school

creation peaked in 2004, it has only recently become possible to systematically exam-

ine these outcomes in NYC. Even without the Gates Foundation’s on-going support,

New York’s dramatic and unprecedented small school reform continues to leave a

large imprint throughout city’s public schools. As of 2013, 13 new high small school

programs have been closed and the new small schools continue to be an integral part
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of the district’s school portfolio strategy DOE (2012a).

Aside from initial foundation support, another important ingredient for small

school expansion was a collaborative partnership between the DOE, the United Fed-

eration of Teachers (UFT), the union representing most NYC teachers, and the

Council of School Supervisors, a collective bargaining unit for school administrators.

For instance, a 2005 UFT Taskforce report expressed support for the creation of small

schools, seeing them as a “chance for innovation and experimentation” and way to

provide “opportunities for teacher voice in a personalized, collegial, collaborative and

professional work space” UFT (2005).

The UFT also played a role in hiring teachers by serving on personnel committees

at all new or redesigned schools DOE (2007b). Labor agreements required that if

new school creation impacted another school, then 50% of the teaching staff at the

impacted school should be selected among the “appropriately licensed most senior

applicants from the impacted school staff who meet the new school’s qualifications”

DOE (2007b). To be hired, small school principals asked teachers to present teach-

ing portfolios, demonstrate lessons, and often have small school teaching experience.

Given each school’s unique requirements, the definition of qualified staff set by per-

sonnel committees could differ by school, and the 50% requirement did not imply

that half of the phased-out school’s staff was necessarily rehired at the new school.

As soon as a phase-out was completed, teachers were hired in the same way as at

all other NYC public high schools using the “Open Market System.” Throughout,

teacher work schedules and salaries were determined according to the collective bar-

gaining agreement.

The growth in New York City’s small schools took place during a period of system-

wide changes in governance at the DOE. All schools could elect for a “school-based

option” in their labor agreement, which involved deviations from UFT requirements

on staffing, class sizes, and rotations; these proposals must be approved by 55%
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of the staff and predominantly were used to increase learning time for students.

Goertz et al. (2011) state that from 2004 to 2006, 35% of all schools adopted a

school-based option. In 2005, the DOE launched the Empowerment Zone, where

schools (small or not) signed contracts exchanging deviation from city-wide curricu-

lum requirements and rules governing the allotment of some district-level funding

for performance-based accountability Nadelstern (2005). As of September 2005, 30

schools joined the zone, 14 of which were new small schools and by the following year,

331 schools throughout the district became empowerment schools Nadelstern (2005);

Klein (2006). While maintaining union contracts, principals had more authority over

educational decisions and budgets, greater voice in the selection and evaluation of

administrative teams, and fewer reporting requirements DOE (2007a). Around this

time, progress reports with letter grades began playing an important role in account-

ability decisions and lower performing schools could be subject to leadership changes

or closure. By 2007-08, principals were able to chose among three classes of school

support organization and empowerment zones were the most popular choice Hemphill

and Nauer (2010). Even with these district-wide changes in governance, the auxiliary

organizations mostly provided instructional support and oversight. All employment

decisions remained with the DOE and the collective bargaining agreement, which

was renegotiated for 2007, continued to apply DOE (2009).

2.2.2 Small Schools Studied

We compile the list of new small high schools created between 2002-2008 from several

sources. First, we use NYC’s Supplementary High School Directory for New Schools.

Second, we append any schools listed in the 2005 DOE Guide to NYC’s Small Schools.

Third, we add any schools listed in New Visions from Public Schools reports. Fourth,

we use the list of small school intermediary organizations contained in Foley et al.

(2010) and collect the names of small schools from intermediary websites. Finally, we
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include any small schools listed in Bloom et al. (2010). Our sample of small schools

includes all new unselective small high schools created between 2002 and 2008 with

9th grade entry. The data appendix provides additional details on the construction

of the eligible small high school list.

Table 1 shows that 151 high school programs meet our eligibility criteria. To be

in our lottery study, a school must be oversubscribed for at least one year between

application years 2003-04 and 2007-08, and there must be a set of applicants who

are subject to a lottery in New York City’s high school match. Of the 151 eligible

school programs, 108 are in our lottery sample. Occasionally, there is more than

one program at a high school. For example, at the Bronx Theatre High School, a

New Visions performing arts school, there is a separate theatre design and technol-

ogy program and a performance and production program, each of which is ranked

separately by applicants. The 151 eligible school programs correspond to 143 eligible

schools, of which 101 schools are in the lottery sample.

Table 1 also reports the coverage of school programs by intermediary organiza-

tions, where a school may be placed into more than one category if it supported

by multiple groups. New Visions affiliated schools represent 62% of eligible small

schools, with Institute for Student Achievement, Urban Assembly, and Replications

forming the three next largest intermediaries. We have near complete coverage for

Urban Assembly and NYC Academies in our lottery study, and we cover more than

half of the schools for all other intermediaries except for the Institute for Student

Achievement. 13 newly created small high school programs eligible for our study

have been closed, and among those currently open, 72% are in the lottery study.

Table A1 provides a complete list of school programs, schools, intermediaries, years

in the lottery sample for the eligible schools in study. Table A2 reports the break-

down of applicants by application cohort and the grades we can observe. Variation in

coverage reflects year-to-year fluctuations in student demand and school capacities.
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2.3 Empirical Framework

2.3.1 Estimating Equations

We are interested in the causal effect of attending a new small high school on student

achievement. We fit equations for educational outcomes, yigt, of student i in grade

g, tested in year t, of the following form:

yigt = αt + βg +
∑
j

δjdij + γ′Xi + ρSigt + εigt, (2.1)

where Sigt is our measure of exposure to small schools. The terms αt and βg are year-

of-test and grade-of-test effects, Xi is a vector of demographic controls such as gender

and race indicators and baseline test scores with coefficient γ, and εigt is an error term

that reflects random fluctuation in test scores. We cluster standard errors by school-

test year for Regents test outcomes. For outcomes involving repeat observations per

student like credits and attendance, we additionally cluster by student. The dummies

dij are indicators for lottery-specific “risk sets,” which will be described in Section

2.3.2. The coefficient of interest is ρ.

For Regents test outcomes, the variable Sigt is the years spent in a small school as

of test date, counting any repeat grades and any time in a small school listed in Table

A1 (not just those subject to lottery). This means if a student transferred to another

small school after an initial assignment, we count time spent at both schools. For

each test, we compute the implied years of small school attendance based on the test

date and enrollment status. We assume the enrollment date is September 1st of each

year and count how many days students stay in a small school from the application

date to the test date. Since students can determine when they take a Regents exam,

scaling small school exposure by years allows us to interpret estimates as per-year

effects. For outcomes such as graduation and college attendance, we measure small

school exposure by whether a student attends a small school following application in
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9th grade. We focus on attendance as the endogenous variable for these outcomes

to avoid confronting issues related to timing and reverse causality.

Ordinary least squares (OLS) estimates of equation (2.1) would capture the av-

erage causal effect of years or enrollment at a small school in the sample if Sigt were

randomly assigned. However, students selectively choose schools, and their choices

may be related to unobserved variables such as family characteristics and motiva-

tion, which potentially bias OLS estimates. Our econometric approach is based on

an instrumental variables (IV) strategy that exploits the partial random assignment

of Sigt embedded in the NYC high school match.

The first stage equation for the IV estimation of ρ is given by

Sigt = λt + κg +
∑
j

µjdij + Γ′Xi + πZi + υigt,

where λt and κg are year-of-test and grade effects. The excluded instrument is the

random offer indicator Zi. The coefficient π captures the effect of the instrument on

either time spent or enrollment at an eligible small high school. IV estimates of ρ in

equation (2.1) adjust for differences between offers and enrollments for those offered

and not, and capture the causal effect for those who comply with (that is, enroll in

a small school) with an offer Imbens and Angrist (1994). For Regents outcomes, the

IV estimates of ρ can be interpreted as the weighted-average causal response of each

year at a small school.

In practice, the use of a lottery instrument is complicated by the fact that students

obtain school offers through a centralized mechanism where their choices interact

with their school priority and the choices of other students. To implement our IV

strategy, it is necessary to determine how random offers are generated by the high

school match.
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2.3.2 Extracting Assignment Lotteries from the High School Match

Admissions to New York City high schools are administered centrally by the NYC

DOE. Every eighth-grader submits up to 12 schools in order of preferences. At

schools, students can also be explicitly ranked in a strict order or ranked within

coarser priority groups where a lottery number breaks ties. The student-proposing

deferred acceptance algorithm (DA) then computes assignments taking student pref-

erences, school priorities, and lottery numbers into account Abdulkadiroğlu et al.

(2005, 2009). When two students apply to a school program for which they are in

the same priority group, the lottery number determines which student is offered.

After DA has been run, if a student prefers another school to her assignment, it

must be the case that all of the seats at the other school are assigned to students

with higher priority or with the same priority, but better lottery numbers. There-

fore, whether a student is rationed by lottery at school s is determined by whether

she ranks school s above or below the school she is assigned, her priority at school

s, where other applicants rank school s compared to their assignments, and other

applicants’ priorities at school s. To operationalize our econometric strategy, it is

necessary to identify groups of students who, conditional on information contained

in their preferences and priorities, face the same risk of assignment.

Figure 4 illustrates the steps we use to identify applicants subject to lottery

at a given school program. We first identify students who rank a small high school

program anywhere on their preference form. For many of these students, the decision

to rank a small school does not play any role in the assignment under the student-

proposing deferred acceptance algorithm. For instance, a student who ranks a small

school second, but has a guaranteed priority at her first choice will not be considered

for her second choice because she’ll obtain an offer at her first choice. To focus on

students for whom the small school choice is relevant, we identify applicants who did
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not receive an assignment more preferred to the highest ranked small school on their

preference list. Applicants who are admitted at schools preferred to their highest

ranked small school (shaded in Figure 4) do not contribute to the lottery sample.

The remaining marginal applicants can differ in the priority group they receive

at the school. Many small schools give priority to students who live in particular

geographic regions or who express interest by visiting high school fairs or open houses.

The random number orders the marginal applicants students within these priority

groups lexicographically. For instance, at the Bronx Theatre High School, there are

four priority groups:

1) Priority to Bronx students or residents who attend an information session,

2) Then to New York City residents who attend an information session,

3) Then to Bronx students or residents,

4) Then to New York City residents,

and the random number orders students within each priority group. Among the

marginal applicants, we identify the lowest priority group for which some students are

offered and other students are not. In the Figure 4 example, every marginal applicant

in the first priority group is admitted and no applicant in third priority group is

admitted. Lottery-based rationing therefore takes place only among applicants in

the second priority group. If there is no priority group where marginal applicants are

offered and others are not, then the school is not oversubscribed. An oversubscribed

school contributes applicants to our lottery study in a given year if there are marginal

applicants and among the marginal applicants in the lowest priority group, some are

offered and some are not.5 The random offer indicator Zi is 1 for students who are

offered a seat at that small school program choice, and 0 otherwise.

5 In principle, every marginal applicant with a priority higher than the lowest priority to obtain an
offer should obtain an offer. There are some school program-years where this property does not hold,
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The assignment of a student to a small school not ranked first depends on the

student preferences and priorities at higher-ranked schools in a complex way.6 For

this reason, we focus only on students who rank a small school as their top choice, as

in other studies using data from centralized assignment mechanisms Abdulkadiroğlu

et al. (2011b); Deming et al. (2011). Small school risk sets are defined by the identity

of the first choice small school program and the application year. The restriction to

first choices creates two possible drawbacks. First, if a student ranks multiple small

schools and is assigned to a lower ranked small school, we’d code the instrument as

zero, since the student did not obtain an offer at her first choice. This potentially

weakens the power of the instrument, but does not compromise our research design.7

Second, the exclusion of students who do not rank a small school first, but rank

it second or lower results in a potentially smaller lottery sample size, though the

number of possible additional students in our application is relatively small.8

and we do not include these school program-years in the lottery sample. Based on conversations
with the NYC DOE, some of these schools may have slot-specific priorities, where priorities apply
for a certain fraction of school seats. For more on slot-specific priorities, see Kominers and Sönmez
(2012) and Dur et al. (2013).

6 Bloom et al. (2010) consider all preferences ranked by students, and for their sample, 24 percent
of students are in more than one lottery. They acknowledge that the possibility a student could face
non-zero probability of assignment at a higher choice school creates complications, and therefore
pursue an alternative approach. They state that “the probability of prior assignment can vary
from just above 0 to just below 1, and this variation can pose a threat to randomization” (italics in
original, page 76), but later argue that this may not be an issue in their setting. Abdulkadiroğlu
et al. (2013) analyze econometric issues associated with efficiently extracting random assignment
from centralized matching mechanisms.

7 In contrast, in the context of DA without school priorities, Abdulkadiroğlu et al. (2011a) identify
a “sharp sample” where offers are a deterministic function of preferences and school rankings.

8 Among students who did not rank a small school first, but ranked an oversubscribed school
second, if we require that students have the same choices and priorities at their first choice, we’d
add at most 1,404 students in 326 additional risk sets, for an average about 4.3 students per risk
set. Among students who only rank an oversubscribed small school third, the requirement that
students have the same first and second choice with the same priorities results in 99 additional
students in 40 additional risk sets. Virtually no students are added if we continue further down
rank order lists with these restrictions.
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2.4 Data and Descriptive Statistics

2.4.1 Sources

We obtained registration and demographic information for New York City from 2002-

03 through 2009-10. Registration data are used to determine whether and for how

many years a student is enrolled at a small high school. Demographic information

in the NYC file includes borough of residence, race, sex, subsidized lunch, limited

English proficiency, and special education status. Baseline (i.e., pre-treatment) test

scores are based on 8th grade standardized exams in Math and English Language

Arts. Baseline scores are normalized by grade and year to have mean zero and unit

variance in the population of New York City students.

NYC demographic and registration information were merged with Regents test

scores using student identification numbers. Regents exams are mandatory state

examinations where performance determines whether a student is eligible for a high

school diploma in New York. There are Regents examinations in English, Global

History, US History, and multiple exams in Mathematics and Science.9 A Regents

exam typically has a multiple choice section and a long answer or essay components

and each exam usually lasts for three hours. The English exam, however, consists

of two three-hour pieces over two days. Regents scores are standardized to the city

score distribution by grade, test-date, year, and subject.

Most Regents exams are offered in January, June, and August, and June is the

most common test date. Our file only indicates the term of test taking, and not

the exact month. Using the DOE’s translation of terms to dates, we compute years

9 Starting in 2005, the Board of Regents started to modify the Mathematics exams. At the
beginning of our sample, the two Mathematics examinations were Elementary Algebra and Planar
Geometry (Math A) and Intermediate Algebra and Trigonometry (Math B). Two new mathematics
examinations, Integrated Algebra I (Math E) and Geometry (Math G), have since been phased in.
Since students typically either take Math A or Math E, we focus on the score on the test taken
first, taking the Math A score when both are contemporaneous. There are Regents science exams
in Earth Science, Living Environment, Chemistry, and Physics. The science outcome we focus on
is Living Environment because it is the most common Regents science exam taken by students.
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assuming the exam date is January 31st or June 1st. Some students retake Regents

tests, and in those cases, we use the first-time score. Table B2 presents the number

of students who take each exam more than once among the lottery sample as well as

the fraction of tests taken on the most common test date.

Other outcomes including credits, grade progression, attendance, and high school

graduation are all provided by the DOE. Data on Preliminary SAT (PSAT), SAT

Reasoning, and Advanced Placement (AP) tests come from the College Board via the

DOE. Data on college enrollment come from the National Student Clearinghouse,

as reported to the DOE for their students. Different outcomes generate different

follow-up horizons, depending on the point at which they are collected for students.

Table B3 provides a complete account.

Our analysis file combines student registration, test scores, credit, attendance,

and graduation outcomes, and college outcome files with the NYC small school ap-

plicant file. The small school applicant file records grade, year, applicants’ preference

ranking in the high school match, and each student’s priority at each ranked school.

Our analysis sample includes students who applied for small school seats in one of

the five school years between 2003-04 through 2007-08 for fall 9th grade enrollment.

We focus on applicants enrolled in NYC at the time of application because we’re

interested in how an small high school education compares to a NYC public fallback.

2.4.2 Student Characteristics

Table 2 reports descriptive statistics for New York City 8th graders and for students

enrolled at small schools. Small school students are more likely to be black or His-

panic and somewhat more likely to qualify for a subsidized school lunch than NYC’s

8th graders. The fraction of students at small schools in the Bronx is higher than

the fraction of NYC 8th graders from the Bronx. There are relatively fewer students

from Queens and Staten Island. Small school students have significantly lower base-
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line scores than New York City students. The difference is roughly one quarter of a

standard deviation (hereafter, σ).

Since our research design is based on the high school match, we also tabulate

student attributes based on their preferences. Table 2 reports on students who apply

to small schools by ranking them anywhere on their preference form, students who

rank small schools and were not offered a higher choice, students who rank a small

school as a first choice, and students subject to lottery at a small school. Across these

columns, the make-up of applicants expressing a preference for small schools is more

similar to those enrolled at small schools than to the NYC 8th grade population.

Comparing the lotteried applicants to students enrolled at small schools, there is a

higher fraction from the Bronx and relatively more black and Hispanic students (more

than 90% of the students we study). The baseline scores of lottery applicants are also

lower, averaging about 0.19σ below the city population for Math and 0.10σ below

for English. The baseline score difference between lotteried applicants and enrolled

students emerges when we compare those ranking small schools first to applicants

subject to lottery (in column (5) and (6)), and may be due to the fact that higher

priority is given to students who attend small school open houses or information

sessions.

Because small high schools did not have resources needed to serve special edu-

cation students requiring self-contained classes and English-language learners ade-

quately, they were allowed to be added over a three-year time span when the new

small schools opened Bloomfield (2006); Gewertz (2006a,b). Students who were spe-

cial education and limited English proficient were manually placed into programs

that could accommodate them and were therefore not always subject to assignment

based on lotteries. As a result, no students who are special education and limited

English proficient are in the lottery sample.

As a measure of our ability to construct randomly generated offers, in columns (7)
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and (8), we report on differences in demographic characteristics and baseline scores

between students who were offered and not offered a seat. If offers are randomly

generated, then they should be independent of student demographics or baseline

scores within risk sets. The numbers reported are regression-adjusted differences by

offer status within risk set. The regressions only control for application year-first

choice dummies. If we are able to successfully extract random assignment, offers

should be randomly assigned conditional on these covariates. The differences across

demographic characteristics and baseline scores are small and none are statistically

significant. This conclusion is supported by high p-values in a joint test of the

hypothesis that all differences in demographic characteristics and baseline scores are

equal to zero. These findings give us confidence that we have successfully isolated

the random variation embedded in the NYC high school match.

2.4.3 Small School Environment

Before presenting our main estimates, we first present an investigation of objective

measures of the school environment experienced by students who are in our experi-

ment. Section 2.8 contains additional information about school environments based

on reports of students, parents, and teachers from New York City’s Learning Envi-

ronment Surveys.

Table 3 reports estimates of school enrollment rates by borough, per-pupil ex-

penditure from city-level school budget data, school and teacher characteristics from

New York State school report cards, and peer characteristics for the relevant group

of compliers. Loosely speaking, compliers are the subpopulation of students who are

induced to enroll in a small school given the random offer. More formally, let D1i

denote small school enrollment status when the instrument Zi is switched on and

D0i denote small school enrollment status when the instrument Zi is switched off.

Compliers are defined as those where D1i = 1 and D0i = 0. Although the compliant
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population cannot be enumerated, their characteristics are non-parametrically iden-

tified, and estimated using the IV strategy described in Abadie (2003). We focus on

differences as experienced by compliers to precisely describe the variation induced

by our experiment.

Offered and non-offered compliers are similar along many dimensions, and in

many cases their differences are swamped by differences with non-enrollees. Panel A

shows that only 15% of students not enrolled in a small school are at other Bronx high

schools, while roughly 40% of the students in our experiment enroll in a Bronx school.

This fact is consistent with fallback schools being located in neighborhoods similar

to those where new small schools were created. Panel B shows that the level and

composition of average per-pupil expenditure for both offered and non-offered com-

pliers is similar. The absence of expenditure differences may be somewhat surprising

given that small schools had access to additional funds in start up years. Start up

grants on the order of $400,000 are relatively small compared to the total expenditure

on direct services of $6.2 million at schools attended by offered compliers. It’s also

worth noting that some aspects of school resources are not captured by information

in school budgets, such as auxiliary support donated by outside organizations.

Panel C illustrates important differences in school size and teacher characteristics

between offered and non-offered compliers. Non-offered compliers attend schools with

863 9th grade classmates and 2,249 students across all high school grades. These

numbers are similar to those not enrolled at small schools, suggesting that in terms

of size, the counterfactual fallback for those in our experiment is like a typical NYC

high school. Offered small school compliers are at considerably smaller schools, with

just over 161 9th grade classmates and 443 students across all high school grades.

That is, small school compliers attend schools that have five times fewer classmates

both in 9th grade and across all high school grades. This sharp difference in school

size motivates the analysis in Section 2.9, which uses our experiment to estimate the
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role of school size in education production. Consistent with reduced school size, fewer

core classes are taught at small schools. However, the class sizes experienced by the

two complier groups are similar to one another and to those faced by non-enrollees.

Small school size is also associated with fewer teachers, assistant principals, and

non-teaching staff. DOE officials encouraged the new small schools to create cross-

functional interdisciplinary teams responsible for cohorts of students, rather than

the traditional high school with teachers organized into subject area departments

Nadelstern (2005). Goertz et al. (2011) report that in 2003-04, 34% of NYC’s newly

hired teachers were from the New York City Teaching Fellows program, an alternative

certification program where teachers take graduate classes at night, and about 5%

were Teach for America (TFA) members. Hemphill and Nauer (2009) state that many

teachers at the new small high schools came from these two sources. Consistent with

these claims, offered compliers’ teachers have less experience and are less likely to

be highly educated, as measured by having a master’s degree plus 30 hours or a

doctorate. Small school teachers often had to take on administrative roles given the

reduced staffing at small schools, and additional work requirements may have lead to

higher turnover rates Hemphill and Nauer (2009). The estimate in Table 3 implies

that 28% of teachers were not teaching at schools attended by offered complies in

the following year, while 19% of teachers were not teaching at schools attended by

non-offered compliers in the following year.

Panel D shows that the study body for those offered and not in our small school

experiment is similar in terms of minority status, subsidized lunch eligibility, and

gender. Both non-offered and offered compliers attend schools with more minorities

than students who are not at small schools. The proportion of peers who are spe-

cial education or limited English proficient is somewhat lower for offered compliers,

but the differences are relatively small given what might have been expected with

the discretion associated with enrolling these two groups in small school start-up
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years. For instance, the proportion special education at schools attended by offered

compliers is 0.08, for non-offered compliers it is 0.11, and for non-enrollees it is 0.10.

The fallback peer environment as measured by achievement for those in our ex-

periment is well below the typical NYC high school. Non-offered compliers attend

schools where the average baseline peer math score is −0.28σ, while non-enrollees

are at schools with average peer baseline math score of 0.11σ, a difference of 0.39σ.

The differential when we compare the peer environment for those in our experiment

is not as large. Offered compliers attend school where the average peer math baseline

score is −0.07σ, which is a difference of 0.21σ compared to non-offered compliers.

Given that small schools were established to replace underperforming high schools in

disadvantaged areas of New York City, it is perhaps not surprising that both offered

and non-offered compliers attend schools with weaker peers than those at other NYC

schools. The difference in peer baseline scores among the two groups of compliers

may also be related to school closure efforts and the consequent shifts of remain-

ing students to the extant high schools in neighborhoods where small schools were

established.

2.5 Lottery Estimates

2.5.1 Regents

Applicants spend 0.46 years longer in a small school if they were randomly offered

a seat than those who do not before taking Regents Math, an exam typically taken

in 9th or 10th grade. This fact can be seen in column (1) of Table 4, which shows

the “first stage.” The first stage indicates the relationship between lottery offers

and years at a small school before test-taking. The size of the first stage depends in

part on whether offered applicants accept their offer or opt for other schools. More-

over, some students who do not receive an offer end up at small schools either by

re-applying in 9th grade or via the Appeals round of the HS match, which occasion-
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ally allowed unassigned students to transfer to small schools after the main round.

Regents Living Environment is typically taken around the same time as Regents

Math and therefore has a similar first stage size. English and US History are usually

taken in 11th grade and have correspondingly larger first stage estimates. The size

of the first stage is similar to those reported for other urban high school populations

participating in school lotteries, such as Abdulkadiroğlu et al. (2011b)’s study of

Boston’s charter high schools.10

The reduced form effects of winning an offer at a small high school, reported in

column (2), indicate that those randomly offered score higher in all major subject ar-

eas: 0.06σ in Math, 0.08σ in English, 0.08σ in Living Environment, 0.07σ for Global

History and 0.07σ for US History. The two-stage least squares (2SLS) estimate of

the effect of an incremental year in a small school, in column (3), is the ratio of

the reduced form estimate to the first stage estimate. The 2SLS estimates show

per-year gains on the order of 0.14σ for Math, 0.11σ for English, 0.18σ for Living

Environment, 0.11σ for Global History, and 0.09σ for US History. The addition of

controls for demographic characteristics and baseline scores does little to change the

estimates, as can be seen in columns (4) and (5), except for some small changes in

precision.

Though these estimates are based on randomized lotteries, a potential threat to

our study design is that we are more likely to observe follow-up scores for some

students than others. In our sample, over 70% of students take Regents Math, and

the follow-up rates hover around 65% for the other Regents exams, shown in Table

A4. However, if the tendency to drop out differs by lottery status, it is possible that

selective attrition biases our estimates. Table A4 reports on follow-up differentials

10 For example, in Table IV of Abdulkadiroğlu et al. (2011b), the first stage estimate on the 10th
grade mathematics examination is 0.54. In general, the size of first stages must be judged relative
to the fact that the urban high school population is highly mobile. See Angrist et al. (2013a) for
further discussion of these issues for Boston’s charter high schools.
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by offer status estimated using regression models that parallel the reduced form

estimates in Table 4. Positive estimates indicate that lottery winners are more likely

to have valid outcome test scores post-assignment. The estimates in column (2)

show that there are no statistically significant differences in Regents Math follow up.

There are some statistically significant, but small differences, on the order of 2.3-4.6

percentage points for the other Regents test outcomes. The addition of controls

for demographic characteristics and baseline scores does little to change on these

estimates.

Motivated by concerns on differential attrition, we report on a simple approach

to see whether selective attrition is responsible for the positive Regents estimates in

Table 4. Since we have pre-treatment test scores for applicants, we simply treat the

baseline score as the outcome score for students for whom it is missing. The baseline

tests are taken in 8th grade statewide, like the Regents, and are used to decide in

middle school grade promotion decisions. This approach assumes that the test score

for both missing treated and untreated students is unaffected by school assignment.

While likely unrealistic, it provides a convenient benchmark to investigate the role

of attrition. As expected, the estimates are somewhat smaller in column (6) than in

column (5), but are similar overall.

Regents is a focal outcome for New York City’s high schoolers because it is taken

widely and is required for graduation. However, the Regents outcome is not neces-

sarily ideal because of allegations that it may have been compromised by selective

re-grading at certain schools. Dee et al. (2011), for instance, identify clumping of Re-

gents test scores at 65, with very few students scoring just below 65. These issues led

to recent system-wide data audits across schools, including a report by the Auditor

General Fleischer (2012). This report examined academic data for 460 high schools

and identified 60 with the most troubling patterns on Regents scoring and credits.

Table A1 shows that 19 of the high schools in our eligible school list were on the
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audit list, and 12 of these schools are part of the lottery sample. To identify whether

selective regrading is driving our results, in Table A6, we report on Regents Math

and English estimates excluding these audited schools. The Regents Math estimate

remains statistically significant at 0.11σ, while the English result is an insignificant

0.05σ.11

2.5.2 Credits, Grade Repetition, and Attendance

To graduate, students must meet credit requirements in addition to passing Regents

thresholds. Credits can be earned from either Regents course-taking or from courses

without Regents assessments such as Economics, Participation in Government, Vi-

sual Art, Music, Dance and Theatre, and Health and Physical Education. Students

entering 9th grade in our sample period must earn at least 44 credits to graduate

NYSED (2010); DOE (2012c).

Small school attendance causes students to earn more credits and progress more

rapidly through high school. The estimates in Panel A of Table 5 show that small

school students earn an additional 1.37 credits per year. Students are considered

“on track” for graduation if they earn at least 10 credits per year or “on track for

four-year graduation” if they earn at least 11 credits per year. 56% of non-offered

students earn 10 or more credits per year, while 50% earn 11 or more credits per year.

On-time progression, measured either way, increases due to small school attendance.

Students are 10 percentage points more likely to either earn 10 or more or 11 or more

credits per year. Another way to measure on-time progression is by grade repetition.

Panel B reports on the effects of small schools on starting grade 10, 11, and 12

on time. For each measure, small schools substantially increase the proportion of

students who start their sophomore, junior, or senior years on time.

11 Although not reported in the table, the Living Environment estimate is 0.165σ (with se=0.057),
the Global History estimate is 0.076σ (with se=0.049), and the US History estimate is 0.059σ (with
se=0.030).
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In recent years, data on credits have come under some scrutiny amidst charges

that not all credits are equal. Students typically earn credits by taking (or retaking)

courses or via summer school. Gootman and Coutts (2008) report anecdotes from

several New York City school administrators suggesting students are increasingly

obtaining or “recovering” credits outside of these two main routes, and Epstein (2013)

alleges the practice was particularly widespread at some small schools. Students are

allowed to recover credits by doing extra work or supplementary projects at the

discretion of school administration. It is possible that credits accumulated this way

are poor substitutes for credits obtained via more traditional routes, making the

effects on credit accumulation hard to interpret. On the other hand, some DOE

officials argued that credit recovery is an important way for students to learn outside

of traditional routes.12 Credit recovery may be valuable in particular for students

who have become homeless, pregnant, or experienced other schooling interruptions.

Aside from some anecdotes, there is no systematic evidence that credit recovery

is more widespread at small high schools than at traditional high schools. In the

Auditor General’s report, 19 out of the 60 suspicious high schools are small schools

Fleischer (2012). If credit recovery efforts were more commonplace outside of small

schools, we’d expect our estimates of credit effects to understate the true effect of

small schools. We investigate whether our results on credit are driven by the scru-

tinized schools that may have engaged more aggressively in credit recovery efforts.

In Table A6, we report estimates on credits excluding any applicants to the 12 au-

dited small schools that contribute lottery cohorts. The results confirm the findings

in Table 5, and suggest that our results on credit accumulation are not driven by

systematically more credit recovery at small schools.

12 For instance, Chancellor Klein defended credit recovery as a “legitimate and important strategy
for working with high school students” Gootman and Coutts (2008). Nadelstern (2005) viewed
giving schools the “greatest possible flexibility to grant credit for project-based work and non-seat
time school experiences” as an important component of school autonomy.
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Small school proponents argued that increased interaction and engagement at

school would reduce truancy. Panel C of Table 5 reports on the effect of small

schools on absenteeism. The number of days a student is absent is relatively high

for this population. Students who are not offered miss a total of 27 days on average.

Consistent with the engagement hypothesis, small schools decrease days absent by a

statistically significant 4 days.

Finally, we report on PSAT and SAT outcomes from the College Board in Ap-

pendix Table A4. Though these outcomes are often important college yardsticks

nationwide, students in our population can meet admissions requirements for many

of New York City’s local colleges, including those in the CUNY system, without tak-

ing the SAT. Nearly two-thirds of New York high schoolers in our sample take the

PSAT, and small school attendance increases this rate by significant 13 points. How-

ever, there is relatively little evidence that PSAT scores increase among test-takers,

though this result may reflect a change in the composition of test-takers. About a

third of NYC’s high schoolers take the SAT, but small schools neither increase taking

rates, nor do they increase SAT scores among test-takers. Roughly 9% of students

take an Advanced Placement exam, which are supposed to allow students exposure

to college-level material courses and even earn college credit. Here, too, small school

attendance has little effect on AP test-taking. However, it’s worth noting that the

taking rate on SATs and APs is relatively small for students in our sample. By com-

parison, in the Angrist et al. (2013a) sample of Boston charter high schools, nearly

two-thirds of students take the SAT and more than a quarter of students take an AP

exam.

2.5.3 Graduation

Creators of small schools emphasized a college-preparatory curriculum for all stu-

dents, which most interpreted as meeting high school diploma requirements Foley
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et al. (2010). Given that small schools increase Regents scores and credit accumula-

tion, we’d expect that small schools increase high school graduation rates. However,

this is not immediate because during our sample period credit requirements for grad-

uation stayed the same, but Regents requirements did not. For students entering 9th

grade in 2004, the minimum graduation requirement was to score 55 or higher on at

least five Regents exams. Each year, the Regents requirements became more strin-

gent. For entering 9th graders in 2007, students needed to score 65 or higher on four

Regents exams and also score 55 or higher on another Regents test DOE (2012b).

In Table 6, we consider the effects of small school attendance on high school grad-

uation. Just over half of the students in our study receive a high school diploma.

During our sample period, students in New York City were eligible for three different

levels of diplomas. Local diplomas are offered for students who do not pass Regents

diploma requirements.13 Regents diplomas require passing at least five Regents ex-

ams, while Advanced Regents require passing at least eight Regents exams DOE

(2012c). The Regents diploma is the most common diploma type for students in our

sample.

Table 6 shows that small schools increase the high school graduation rate by over

9 percentage points, an effect almost entirely driven by an increase in the fraction

of students awarded Regents diplomas for which the effect is 10 percentage points.

Relative to the mean proportion for non-offered, the 10 point increase in Regents

diplomas represents nearly a 30% increase. Small schools do not have any effect

on the awarding of either local or Advanced Regents diplomas. When we exclude

audited high schools in Table A6, the effects on graduation are, if anything, higher.

The overall graduation rate increases by 10 percentage points and the fraction who

obtain Regents diplomas increases by 12 percentage points.

Though the Table 6 estimates show that small schools caused graduation rates

13 Local diplomas have since been phased out by the New York State Department of Education.
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to increase, the overall graduation rate in New York City also increased during our

study’s time period. As a result, there is a concern that increased graduation does not

mean students are in fact college-ready. In particular, the city’s local colleges have

seen increases in the size of their remedial classes and some view this as a consequence

of a relaxation of graduation requirements Foderaro (2011). A criticism like this

would impact all high schools, and not necessarily only the new small high schools.

However, we can employ our lottery design to study whether small school students

are meeting the requirements to avoid remediation once they arrive at college

Our definition of remediation is based on requirements at CUNY institutions,

which enroll the largest fraction of students in our study. CUNY students can avoid

remedial coursework either by taking the CUNY Assessment Test (CAT) or by scor-

ing above certain thresholds on the SAT, ACT, or Regents exams. These require-

ments differ across CUNY campuses. For instance, at CUNY Baruch, a student who

scores 510 or higher on SAT Math, 21 or higher on the ACT, or 75 or higher on

Regents Math to skip mathematics remediation, while at CUNY Queensborough a

student needs a 480 on the SAT, 20 on the ACT, or 75 or higher on Regents Math.

There are similar thresholds for reading and writing. During our sample period, the

CUNY remediation thresholds have changed over time.14

Even though we do not have access to either CAT or ACT scores, we code a

student as not remedial if they score above a 75 on the Regents or above a 510 on

the SAT portion. We use Regents English for both reading and writing. If students

do not take either exam, then under this definition, they are coded as remedial.

Table 6 shows that in our sample, only about 20% of students are not remedial for

Math while about 30% of students are not remedial for English. These numbers are

14 Starting in Fall 2012, students are required to score at least 80 on any of the new Regents
examinations and for Mathematics, they must complete Algebra 2 & Trigonometry or a higher-
level course. These thresholds do not apply to our sample period. For additional details, see
http://www.cuny.edu/academics/testing/cuny-assessment-tests/faqs.html, last accessed: Septem-
ber 2013.
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low partly because they include students for whom we do not have either Regents

or SAT outcomes. Even absent this consideration, the low numbers are perhaps not

surprising given that small school students enter high school with substantially lower

baseline scores than other NYC 8th graders. Small schools do reduce remediation

for writing and reading, but not for math. The effect size is a statistically significant

9 percentage points, which is relatively large compared to the 31 percentage point

mean for non-offered students.

2.6 College Enrollment and Choice

Small school advocates conjectured that personalized attention and frequent inter-

action would increase student motivation, encouraging them to stay in school, and

ultimately graduate and go to college. Increasing college attendance was an explicit

goal of the Gates Foundation, and this was reflected in intermediaries’ intense fo-

cus on college-going expectations and supplementary student advising Foley et al.

(2010). Even though more than half of the students in our sample graduate high

school, 28% of our non-offered applicants enroll in college four years after starting

9th grade and about 37% enroll within six years.15

Small schools have a large and significant effect on college enrollment. Table 7

shows that students are 7 percentage points more likely to attend college, which rep-

resents nearly a 20% increase relative to the attendance rate for non-offered students.

Some interventions which successfully reduce dropout rates no longer have signifi-

cant effects when outcomes are measured over a longer window (see, e.g., Rodriguez-

Planas (2012)). Here, the effect on college attendance within four years after starting

high school is similar to the estimate for attendance within six years, suggesting that

non-offered students are not simply delaying college enrollment and catching up to

15 The six-year enrollment rate is greater than the fraction who ever attend college reported in the
first row of Table 7 because we only report on attendance within six years for cohorts we can follow
six years post-assignment.
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offered students. Table 7 also reports estimates on attendance at two- or four-year

colleges, using the classifications in the National Student Clearinghouse. It’s worth

noting that attending a four-year college does not necessarily imply that a student is

in a four-year degree program, because schools which offer both two- and four-year

degrees are coded as four-year institutions. In our sample, the fraction who attend a

two-year college is about the same as the fraction who attend a four-year college (if

a student attends both a two-year college and a four-year college, they are counted

twice in this calculation).

Small schools boost attendance at four-year institutions by a statistically signif-

icant 6 percentage points, while leaving the effect on two-year colleges unchanged.

Gains at four-year colleges are almost entirely driven by gains at four-year public

colleges. Moreover, the largest college gains come from a shift of the fraction of

students attending CUNY institutions. The most commonly attended CUNY col-

leges are Borough of Manhattan, Bronx Community College, New York City College

of Technology, and Lehman College. There is no evidence of increases at four-year

private colleges.

Data from the National Student Clearinghouse also allow us to investigate college

persistence. Persistence is measured by the likelihood of attempting at least 2 or 4

academic semesters in college.16 Looking further out in a student’s schooling career

reduces the size of the persistence sample compared to the sample use to study

college enrollment. Small school attendance increases the fraction of students who

attempt college for at least 2 academic years by 5 percentage points, an effect which

is marginally significant. The estimates for at least academic 4 semesters are positive,

but not precise enough to rule out a zero effect.

16 We treat an academic semester as enrollment in January-May or August-December.
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2.7 Other Results

2.7.1 Subgroups

The new small schools were launched with the goal of serving struggling students

across all demographic groups Foley et al. (2010). While the students who enroll are

more likely to belong to a minority group, are poorer, and have lower baseline scores

than typical NYC 8th graders, the fact that applicants obtain priority for some small

schools by attending high school fairs generates some important differences between

small school enrollees and the lottery applicants, as shown in Table 2. Therefore,

it is natural to study whether certain student subgroups benefit more or less from

small school attendance.

Table 8 reports estimates for subgroups based on student demographic charac-

teristics and baseline achievement levels for several of our key outcomes of interest.

Test score results tend to be higher for girls than boys, but graduation and college

results are similar for both groups. The similar effects by sex on four-year college

enrollment are noteworthy given evidence that girls usually outperform boys in other

related studies Anderson (2008); Deming et al. (2011).

Across racial groups, there is a large 0.34σ effect on Regents Math for black

students, which is much larger than the corresponding estimate for Hispanics. On

the other hand, there is no difference in the estimates between blacks and Hispanics

for Regents English, both of which are positive but relatively imprecise. The effects

for high school graduation, Regents diplomas, and college attendance are similar in

magnitude for blacks and Hispanics, though as expected given smaller sample sizes,

the estimates are no longer statistically significant in many cases. One interesting

pattern is that black students are 8 percentage points more likely to attend four-

year public colleges; this effect is larger than our overall effect and has the same

significance level.
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The effects for students who obtain a subsidized lunch are similar to the effects

from our overall population, which is perhaps unsurprising given than more than

70% of our sample is eligible. However, small schools push these students to attend

four-year public colleges, a notable finding given evidence that poor students often

do not matriculate at four-year institutions Deming and Dynarski (2010); Bowen

et al. (2009); Hoxby and Avery (2012).

Small school critics allege that the new schools did not serve students who were

harder to educate (see, e.g., Bloomfield (2006)). They point to the fact that some

small schools were allowed to exclude some special education and limited English

proficient students for their first three years. To investigate differences by students’

prior levels of achievement, we split our sample into two groups based on having a

baseline score above or below the median among lottery applicants, which is already

a lower-scoring population. For Regents outcomes and graduation, there is no ev-

idence that small schools were less effective with low baseline students. The high

school graduation effect for low baseline students is 7 percentage points, it is not

statistically significant, while the effect for high baseline students is a significant 11

percentage points. However, we cannot reject that these two estimates are different

given our precision levels. Small schools cause high baseline students to earn more

Regents diplomas, but not low baseline students. The difference here is statistically

significant.

The flip side of the argument that small schools are ineffective for hard-to-educate

students is that their focus on these students detracts from those entering with

higher achievement levels. For instance, Hemphill and Nauer (2009) write that “small

schools, by pouring resources into helping needy students catch up, may shortchange

students who have stronger academic skills.” At least for outcomes related to college,

Table 8 presents evidence for the exact opposite pattern since the effects are larger

for students with higher baseline scores. High-baseline students are 9 percentage
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points more likely to attend college and 10 percentage points more likely to attend

four-year public colleges. The effects on college enrollment outcomes for low-baseline

students are positive, but are not precise enough to rule out zero effects.

2.7.2 Schools Over Time and Closed Schools

Given changes in the school landscape after the initial big push for small school

creation, it is natural to ask whether schools opened after the last pledge of major

support from the Gates foundation in 2005 perform differently than schools opened

beforehand. In particular, some have worried that after small schools became more

established, their student population changed and this reduced achievement levels

Ravitch (2011). In Table A6, we report estimates where we sample into two groups:

schools opened between 2002-05 and those opened between 2006-08. Our lottery

design allows us to consider 95 our of 118 programs opened from 2002-2005 and 13 out

of 33 programs opened from 2006-2008. We see a consistent pattern of effects across

these two groups of schools, and in many cases the effects are larger for schools opened

in 2006-2008, even though the coverage of the lottery sample is considerably smaller

for 2006-2008, so it’s possible that new undersubscribed schools fare differently.

While establishing new schools, the NYC DOE also phased out or closed schools

during our time period citing lackluster performance. Through 2012, 13 small high

school programs eligible for our study have been closed, 9 of which are in the lottery

sample. In Table A6, we also report our main estimates excluding these schools.

Each point estimate for Regents, graduation, and college is larger when we exclude

closed schools, though given that only a handful of schools have been closed, we do

not have the precision to confidently assert these estimates are statistically different

from those including the closed schools.
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2.7.3 Intermediaries

Each small school model can be seen as a set of preferred practices and features that

affect school performance. Intermediaries, typically nonprofit organizations that op-

erate between policymakers, funders, and entities charged with implementing new

programs and practices, played an important and continuing role in small school

development. Intermediaries often distributed grant funds to schools and provide

advice on creating, incubating, and operating small schools Foley et al. (2010). Eight

intermediaries– New Visions, Urban Assembly, Replications, NYC Academies, Insti-

tute for Student Achievement, College Board, Outward Bound – were involved in

creating and supporting more than 90% of the schools in our study. The customiza-

tion provided by these intermediaries is at the heart of the small school reform idea.

To provide examples of the heterogeneity across intermediaries, we describe a few

patterns. New Visions supports the largest number of schools, each of which focuses

on college-readiness and support for individualized instruction. Urban Assembly’s

themes range from law and government, media, and the arts to wildlife conservation,

maritime studies and green careers. Replications scales up small schools, by identi-

fying the essential features of successful schools and supporting new school leaders

during start up. NYC Academies are career academies supported by the National

Academy Foundation. These schools train students for careers in industries with

strong growth and employment potential. The Institute for Student Achievement

specializes in turnaround efforts in New York City and elsewhere. They have their

own college preparatory program, which features a trademarked “distributed counsel-

ing” system of personalized instruction. College Board has a proprietary curriculum

aimed at increasing diversity of students in Advanced Placement courses that focus

on inquiry, problem solving, collaboration and persuasive writing. NYC Outward

Bound schools emphasize hands-on activities and expeditions; all students go on a

39



weeklong wilderness trip intended to teach teamwork and perseverance. The schools

also have a “crew” system where a group of students have daily meetings with one

teacher throughout high school.

Another motivation for studying effects by intermediaries is to examine whether

some small school models are more effective than others. Cullen et al. (2013) conjec-

ture that career and technically-focused high schools may be more successful than

other thematic schools. It is also worth noting that the trajectory of expansion and

contraction has differed by intermediary. For instance, 3 new Urban Assembly high

schools were opened between 2006-08, while only 1 school in the Replications and

NYC Academies network opened during the same time period. In 2011, the NYC

DOE terminated their contract with Replications, stating that while they were suc-

cessful in launching schools, they were not as successful in managing them afterwards

Phillips (2011).

While small school operators have been seen as pursuing a diverse array of school

visions, some expressed skepticism about the resulting heterogeneity in the small

school portfolio. For instance, Ravitch (2011, p. 81) writes:

“Most of the new small schools were theme schools, centered on a spe-

cific profession or speciality. This produced some offbeat results, such as

a high school for future firefighters; a school for the hospitality industry;

a school for urban planners; a school for architecture; a school for the

business of sports; a school for the violin; several schools for social jus-

tice, peace, and diversity; and other schools for the health professions,

writers, leaders, the arts, law, technology, communications, journalism,

and media. Adults like the idea of themes, but few children starting ninth

grade are prepared to select a profession or career speciality.”

On the other hand, the Department of Education did not place firm requirements
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on how themes were fulfilled, and adherence to theme does not seem to have played

a role in accountability decisions Gootman (2005).

The non-offered and offered complier school environments, for the variables exam-

ined in Table 3, are similar on many dimensions when split by intermediary. Table

A5 shows that offered small school compliers face significant differences in school

sizes relative to the untreated. Teachers at their schools are also somewhat less

experienced and less highly educated, while baseline peer achievement is higher.

Table 9 reports on lottery estimates by intermediaries. The estimates come from

models like equation (2.1), but estimated separately for schools classified by inter-

mediary. (Table A2 presents information on application patterns by intermediary.)

With this approach, some students who are not treated at a particular intermediary

nonetheless enroll in a small high school in our study. This can be seen in Table A5,

which shows complier small school enrollment rates for each of the intermediaries.

For instance, 46% of non-offered Urban Assembly compliers enroll at another small

school outside the Urban Assembly family. That table also shows that this exer-

cise not only captures the effect of different intermediaries, but it also captures the

consequence of different fallback positions. For instance, non-offered compliers at

schools supported by Replications attend schools with peer achievement levels about

0.2σ below New York City’s average in math, while students who attend schools

supported by the NYC Academies attend schools more than 0.4σ below. Finally, the

sample size shrinks, especially at Institute for Student Achievement, College Board,

and Outward Bound, making any conclusions for these intermediaries tentative.

There are large and significant effects on Regents Math for five intermediaries:

New Visions, Urban Assembly, Replications, NYC Academies, and College Board.

The effect on obtaining a Regents Diploma is also large and positive for New Vi-

sions and Urban Assembly; though it is not negative for any other intermediary, the

significance levels vary and most effects are not precise enough to be useful. Urban
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Assembly schools increase PSAT taking and scores, SAT taking, and AP test taking

(shown in Table A4). Effects on college, measured either by attendance, four-year

college attendance, or four-year public college attendance are mostly positive, with

the most consistent pattern for New Visions schools.

It bears emphasis that the sample of applicants from New Visions is the largest,

and the absence of significant results for other intermediaries may simply reflect the

small sample sizes. Still, none of the estimates on four-year college are negative,

though some are too imprecise to be meaningful. Given the fact that differences in

effects across intermediaries may be due to differences in fallback options, differences

in students, and differences in school practices, it is hard to draw firm conclusions

about the relative performance of particular intermediaries from this analysis alone

(see, Angrist et al. (2013b), for a similar discussion of the interpretation of heteroge-

nous charter school effects). The most noticeable pattern from Table 9 is that no

single intermediary seems to be universally poor-performing on all outcomes. Un-

derstanding differences across intermediaries seems worth additional investigation.

2.8 Mechanisms and Changes in School Environment

The common denominator across the 108 schools in our sample is their small size.

We’d also like to know more about other differences in the small schools’ learning

environment. However, defining and measuring changes in school environment tends

to be a difficult task. Fortunately, starting in the 2006-07 school year, the New

York City Department of Education launched the nation’s largest survey effort to

describe the school learning climate. The survey is completed by students, parents,

and teachers, and by 2009, 80% of eligible students and 73% of eligible teachers

completed the survey (see the data appendix for more details).

We use information from these surveys to characterize the school environment

based on student, parent, and teacher responses. In particular, we focus on describing
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changes in the school environment for those in our experiment. Although we do not

have the survey responses made by the students in the sample, we report on the

mean survey response at schools attended by the non-offered and offered compliers.

In 2003, small schools advocate Thomas Toch articulated a vision for small school

success (Toch, 2003, p. 13):

“Smaller schools encourage bonds between students and teachers and

generate a level of genuine caring and mutual obligation between them

that’s found far less frequently in comprehensive high schools. Students

and teachers, as a result, tend to work harder on each other’s behalf. Stu-

dent and teacher attendance and student involvement in extracurricular

activities are higher in smaller schools. Teacher turnover and disciplinary

problems are lower. [...]

The best schools have a clear sense of what they hope to achieve with their

students. They are “focused.” Their curricula, their teaching strategies,

the way they organize their school day, even, in many instances, the

design of their buildings, are aligned with their educational aims. [...]

Successful schools also have high academic expectations for every student.

That is their defining characteristic.”

We investigate several aspects of the small school environment motivated by

this quote. The survey contains multiple questions about the school environment

organized into four categories: 1) engagement, 2) safety and respect, 3) academic

expectations, and 4) communications. Each response is awarded a score between 0

and 10 by the DOE, with 10 reflecting the most favorable for a school’s learning

environment. We use data from 2006-07 through 2008-09, which covers the most

relevant years for students in our sample. To have a normalized benchmark, we

standardize responses across schools to have mean zero and unit variance.

43



For each category, we compute the difference for the survey-reported character-

istics for our enrollment compliers using methods in Abadie (2003). Researchers

working with similar survey datasets often construct indices to combine multiple

outcome variables and have developed inferential methods to deal with correlation

across them (see, e.g., Kling et al. (2007)). Though this approach is parsimonious,

we instead report the answers to a few specific questions to highlight the richness

of the survey. For each category, we rank the survey questions by the greatest dif-

ference between the answers for non-offered and offered compliers. To illustrate the

range of responses, we report the two questions for which the difference in favor of

small schools’ learning environment is largest and the two questions for which the

difference against small schools is largest. We also report the fraction of questions

for which the small school learning environment is favored over the counterfactual

fallback school environment for those in our experiment.

Small schools are rated higher on the overwhelming majority of questions on

engagement, safety and respect, academic expectations, and communications. This

can be seen in Table 10, which reports survey questions based on student responses.

(Parent survey responses are similar to student responses in that small schools are

rated higher for the most questions in each of the four categories. They are reported

in Table A7.) Small schools employ numerous strategies to increase engagement in

addition to thematic programs and external partnerships. For instance, at some

Urban Assembly schools, teachers make home visits Santos (2011). These strategies

are reflected in the fact that the small school environment is associated with higher

levels of engagement on 10 out of 11 questions.

The largest difference in the engagement category in favor of small schools is

for the question about whether the adults that students see at the school know

students. Here, non-offered compliers are at schools that are 1.0σ worse than the

typical NYC high school (which is normalized at zero). On this metric, offered small
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school compliers are at schools roughly 0.5σ better than the NYC average, resulting

in a 1.5σ difference in the environment faced by non-offered and offered compliers.

The second largest difference in engagement is for the question about whether adults

look out for students. Here, offered compliers’ schools are at 0.2σ, while non-offered

compliers’ schools are at −0.8σ. These survey answers are consistent with greater

monitoring and increased interaction at small schools.

Toch’s quote expresses the idea that small schools will involve students in more

extracurriculars. While the surveys do not capture extra-curricular participation, the

largest difference against the small schools environment is for the question about the

variety of classes and activities. The variety of classes and activities experienced by

non-offered compliers is much greater than the NYC average, and 0.8σ greater than

that experienced by offered compliers. This finding, instead, is consistent with the

view stated by Ravitch (2011, p. 205) who laments that “because of their size, they

seldom have enough students or teachers to offer advanced courses in mathematics

and science, elective, advanced placement courses, career and technical education,

choir, band, sports teams, and other programs that many teenagers want.”

The description of the small school environment is also more favorable for the

three other categories. On safety and respect, offered small school compliers are

at schools with a greater sense of community (measured by disagreement with the

statement that most students in my school just look out for themselves). Small

schools are also associated with less gang activity and outrank the untreated coun-

terfactual school environment on 19 out of 20 questions on safety and respect. This

finding is important given concerns about placing new small schools on the same

campuses as struggling schools vulnerable to safety concerns Miller (2005). On aca-

demic expectations, offered compliers are at small schools that regularly complete

essays and where high-achievers are treated with respect. There is little difference

on college counseling, however. On communication, the environment experienced
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by non-offered compliers dominates by a wide margin on all five questions. Stu-

dents consistently work in groups, feel comfortable talking to their instructors, and

participate in hands-on activities.

Table 11 reports the results of a similar exercise based on teacher survey responses.

The higher rates of teacher turnover shown in Table 3 might suggest a poor work

environment at new small schools. However, based on teacher survey responses, on

a large fraction of questions, offered small school compliers are at schools where

teachers report greater engagement, safety and respect, academic expectations, and

communication. Among the many questions, we highlight a few where the differences

are most stark. First, the contrast in the fraction of teachers who report reacting

to feedback and using data to improve instructional decisions is large, but the mean

level for offered compliers is near the NYC average. Second, the positive teacher’s

assessments on safety and respect are nearly identical to those reported in student

surveys. Third, teachers report their schools have a clear vision and that there is

effective communication with parents when students misbehave. For our experiment,

the one dimension where the small school environment is unfavorable (as reported

by teachers) is on issues related to principal supervision and management.

Overall, a consistent picture emerges about the small school environment, whether

as described by student or teacher survey responses. Together with the results on

truancy, many of the mechanisms present in the Toch quote appear to be validated

(except extracurricular activities and teacher-principal interaction). Interestingly,

many of these features where the small school environment dominates, including use

of data to guide instruction, frequent teacher feedback, and high academic expec-

tations, are shared by the high-performing charter schools studied by Angrist et al.

(2013b) and Dobbie and Fryer (2013a).
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2.9 School Size in Education Production

The estimates here show remarkably consistent gains for small school attendance on

test scores, graduation, and college enrollment. These estimates speak to questions

about the impact of Bloomberg-era reforms in the nation’s largest school district.

They are also relevant for policy questions such as the expansion of small schools

and closing underperforming schools.

We’d also like to investigate whether there are more general lessons from our

analysis of small schools. The role of school size in education production is an im-

portant question in the economics of education. Conant’s (1959) original argument

for large comprehensive high schools was mostly based on scale economies. A sub-

sequent literature has tried to characterize optimal school sizes, with some claiming

that high schools with about 600-900 students balance scale economies with the neg-

ative effects of large schools (see, e.g., Andrews et al. (2002)). Many arguments for

small schools parallel those made in similar debates on small class sizes. For instance,

Lazear (2001) develops a disruption-based model of learning and shows that optimal

class size is larger for better-behaved students. It is possible to interpret his model

as one of school size with the same underlying mechanism, with the implication that

a smaller school size is preferred for harder-to-educate students. Understanding the

role of school size for achievement also seems important as school choice expands,

causing many traditional district schools to become smaller.

The evidence from school surveys suggests that small schools differ from other

schools on many dimensions. It is clear from Table 3, however, that students who

attend small schools are at schools with considerably smaller student bodies, whether

measured by the number of 9th grade classmates or the number of students at the

school across all high school grades. To turn this fact into a more general statement

about the effects of school size requires stronger assumptions. In particular, we
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must assume that small school offers affect achievement solely through changes in

school size. In their context, Abdulkadiroğlu et al. (2011a) describe two sets of

assumptions which justify using exam schools to study the causal effects of peers.

We briefly review their arguments in a parallel effort to explore how our small school

experiment identifies causal school size effects.

We begin by positing a simple model of education production, where mi denote

a vector of education inputs measured in the small school entry grade:

yi = π′mi + ηi.

The mediators in mi include school size, measures of school quality, and teacher

effects. If we partition mi into measures of school size si and other unobserved

inputs wi:

mi = [s′i w
′
i]
′,

then

yi = β′si + γ′wi + ηi.

The first argument is based on a 2SLS version of the omitted variables bias for-

mula (see, e.g., Angrist and Krueger (1992)). If small schools have better unmeasured

inputs, then 2SLS estimates of si omitting wi tend to be too big. The descriptive

patterns in the Learning Environment Surveys described in Section 2.8 suggest that

small schools are associated with higher levels of engagement, safety and respect,

academic expectations, and communication. It is therefore plausible that the omit-

ted variables in wi are beneficial for student achievement. Under this interpretation,

our estimate provides an upper bound on the effect of school size.

The second argument is based on the idea that any school input correlated with

small school offers is itself caused by differences in size. That is, the relationship

between unobserved school inputs wi is a consequence of the affect of school size
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(e.g., students are monitored more closely because small schools have smaller size;

the ability to have frequent interactions with pupils affects teaching styles; improved

communication is the result of fewer students). If we assume that the randomly gen-

erated offer affects school size, and school size in turn affects these other unmeasured

inputs (i.e. a triangular structure), then 2SLS estimates treating si as endogenous

combine both the direct and indirect effects to capture the total effect of randomly

assigned school size.

Table 12 reports estimates of two versions of 2SLS models where school size is

measured either by the size of the 9th grade class or by the number of high school

classmates. The first stage estimates, shown in Panel B, are large and precise for both

measures, consistent with the sharp differences in school size shown in Table 3. The

estimates imply that a small school offer leads to 269 fewer 9th grade classmates or

701 fewer high school classmates. Though these estimates come from a linear model,

they do not impose a linear relationship, since the 2SLS estimates can be interpreted

as the weighted-average causal response to school size.17

The 2SLS estimate shown in Panel A imply that a 100 student reduction in 9th

grade size causes a 0.024σ increase in Regents math. In particular, the standard error

on this estimate is 0.007, implying that we have the power to detect small effects. For

the other outcomes, the precision of the 2SLS estimates of school size are similar to

that of the 2SLS estimates treating small school enrollment as endogenous reported

earlier. For instance, a 100 student reduction in the number of 9th grade classmates

causes a statistically significant one point increase in college attendance. Estimates

of the causal effect of school size measured by grade 9-12 classmates are similar, but

roughly three times smaller, as expected given the differences in the magnitude of

the first stage.

17 The weights are proportional to the effect of the instrument on the cumulative distribution
function of the endogenous variable Angrist and Imbens (1995).
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Taken together, these estimates indicate that incremental changes in school size

are likely to have very small effects on student achievement. Instead, dramatic

changes in school sizes, such as those that occurred in New York City, would be

necessary to have a significant impact on racial and socioeconomic gaps. In this

context, it also helps to draw a comparison to the debates of the importance of input-

based schooling policies Hanuschek (2003); Krueger (2003). In particular, there are

now a number of well-controlled estimates of class size effects Angrist and Lavy

(1999); Krueger (1999); Chetty et al. (2011); Dynarski et al. (2011); Fredriksson

et al. (2013). Estimates of the effect of class size reductions of roughly 7 fewer

students from Krueger (1999) imply a 0.18 standard deviation increase in Stanford

Achievement Tests. Here, too, one or two fewer students in a class seem likely to

have small effects. On the other hand, incremental changes to either class or school

size may be less policy-relevant than larger-scale changes.

2.10 Conclusion

The reconstitution of large high schools into smaller ones in New York City and

elsewhere has left a lasting legacy on America’s public high schools. The random

variation created by NYC’s high school match provides a unique opportunity to

estimate the causal effects of NYC’s small schools free from selection bias. We

find consistent evidence that small schools boost student achievement on important

graduation milestones, including on five different Regents exams, grade progression,

and credit accumulation. Small school students are more likely to graduate high

school and earn Regents diplomas, and are less likely to require remediation in reading

and writing when they enter college. A large fraction of small school students are

pushed to four-year public institutions and those within the CUNY system. The

evidence, so far, also indicates that they are more likely to persist in college, as

measured by matriculation for at least two academic semesters. As the cohorts in
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our study age, it will be possible to study longer-term measures of college persistence

and college graduation.

The estimates reported here are best seen as indicating possibilities for urban

small schools reform. Our lottery design necessarily requires that schools be unselec-

tive and oversubscribed. It is worth noting, however, that our sample is not isolated

to a handful of schools nor do we have idiosyncratic coverage of particular schools

assisted by only some intermediaries. The 108 school programs in our study repre-

sent over 70% of those eligible. Oversubscribed schools are of considerable policy

interest, especially in light of Mayor Bloomberg’s stated goal in 2010 to phase out

the lowest performing 10 percent of city schools over the next four years Otterman

(2010). The requirement that students are subject to lottery-based rationing also

implies that special education and limited English proficient students are excluded

from our lottery sample. Still, it is worth emphasizing that the students in our

sample are disadvantaged by most traditional measures. More than 90% of students

in our lottery sample are black or Hispanic, at least 70% obtain subsidized school

lunches, and the majority have lower baseline scores than typical NYC 8th graders.

Our investigation of effects across subgroups indicates that small schools are effective

for a broad set of students.

Proponents argue that students are more easily monitored and safer at small

schools; this in turn increases their motivation and attendance, and ultimately grad-

uation and college attendance. The evidence on these mechanisms is borne out in

our investigation of incredibly detailed data from New York City’s School Learning

Environment Surveys. Small schools cause a significant decrease in truancy. Survey

respondents associate small schools with greater levels of engagement, safety and

respect, academic expectations, and communication. Moreover, the consistency of

the results across intermediaries, though sometimes imprecise, suggests that school

size is an important common ingredient. When we channel the school effects through
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school size, the estimates imply that incremental changes in school size will be insuf-

ficient to have significant effects on achievement gaps, whereas large-scale changes

like those that took place in New York City may be necessary.

Our findings stand out when compared to a literature with relatively few examples

of successful interventions for inner-city public school students, especially for college

choice and enrollment. Given this, some have argued that high school may be too late

to reduce skill gaps and efforts should therefore be concentrated earlier or even before

the start of a student’s schooling career (see, e.g., Cunha and Heckman (2007) and

Cunha et al. (2010)). Moreover, interventions showing the greatest promise for urban

populations have so far come from high-performing charter schools such as KIPP or

Harlem’s Promise Academies, which operate outside traditional district boundaries

Angrist et al. (2012); Dobbie and Fryer (2013a). Even though the small high schools

studied here had auxiliary support from foundation grants and advocacy efforts, they

still operate with the same school calendar and under the same collectively-bargained

work rules as other New York City high schools.

The common features of these high-performing charter schools and the small

schools studied here include high expectations, close monitoring, frequent interaction,

and the use of data-driven instruction. While the “No Excuses” style charter schools

with these practices embody a relatively well-defined model, NYC’s small schools are

horizontally differentiated with themes designed to engage low-performing students.

Cullen et al. (2013) and Murnane (2013) argue that increasing the variety of educa-

tional offerings at high school is a worthwhile pursuit, especially if it increases the

match quality between students and schools. In future work, we intend to further

explore heterogeneity across small school models and examine issues related to how

the new small schools affect student sorting.
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Figure 2.1: The Number of Public High Schools in New York City Between 2002-2008

The count of the number of NYC high schools each year is from New York State annual report cards covering years from
2001-02 to 2008-09. A high school is defined as a school with enrollment in grade 9, 10, 11 or 12.
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Figure 2.2: The Location of NYC Small High Schools Created Between 2002-2008

Small High Schools are marked with red triangles and traditional High Schools are marked with green squares. The
traditional public high schools are from the 2000-01 New York state report cards. New small schools are listed in Table
A1. Address data for schools comes from the NYC DOE.
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Figure 2.3: Growth of Eligible New York City Small High Schools

Number of new small high schools in New York City eligible for the study created between 2002 and 2008. The data
appendix provides additional details on the school sample.
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Figure 2.4: The Location of NYC Small High Schools Created Between 2002-2008
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Table 2.1: Study Participation of NYC Small High Schools

Excluding closed schools

# in lottery sample # in lottery sample
/# eligible /# eligible

(1) (2)

All 108 / 151 99 / 138

School Intermediaries
New Visions 72 / 94 65 / 84
Urban Assembly 12 / 13 12 / 12
Replications 8 / 12 8 / 11
NYC Academies 5 / 5 5 / 5
Institute for Student Achievement 7 / 15 7 / 15
College Board 5 / 9 5 / 9
Outward Bound 5 / 8 3 / 6
All Others 11 / 15 11 / 15

Notes: This table reports the number of small high school programs in New York City eligible for
the study and the number who are in the lottery sample. A program contributes to the lottery
sample if it is oversubscribed and subject to rationing via lottery in at least one year one year
2003-04 between 2007-08. A school program is closed if it no longer appears in the 2012-13 high
school directory. Intermediary classifications are described in the data appendix. Programs may
belong to more than one intermediary group.
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Table 2.2: Descriptive Statistics for Students

Applicants Covariate Blance
Ranked small

Ranked small school and
school did not Lotteried

anywhere on receive more Ranked small Applicants applicants
NYC 8th Enrolled in a preference preferred school as a subject to Lotteried with baseline
graders small school form offer first choice lottery applicants scores

(1) (2) (3) (4) (5) (6) (7) (8)

Female 0.49 0.51 0.51 0.50 0.48 0.53 -0.006 -0.008
(0.011) (0.011)

Black 0.34 0.46 0.42 0.42 0.42 0.44 0.011 0.009
(0.011) (0.012)

Hispanic 0.39 0.45 0.48 0.49 0.50 0.47 -0.008 -0.006
(0.012) (0.012)

White 0.14 0.04 0.04 0.04 0.05 0.05 -0.005 -0.007
(0.005) (0.005)

Other/Unknown 0.13 0.05 0.05 0.04 0.04 0.04 0.001 0.004
(0.004) (0.004)

Subsidized lunch 0.69 0.73 0.72 0.72 0.72 0.71 0.011 0.010
(0.011) (0.011)

Special education 0.10 0.08 0.09 0.09 0.10 0.00 n.a n.a

Limited English proficiency 0.11 0.10 0.11 0.11 0.11 0.00 n.a n.a

Manhattan 0.12 0.11 0.14 0.13 0.10 0.07 -0.002 -0.002
(0.005) (0.005)

Brooklyn 0.32 0.30 0.28 0.25 0.23 0.19 -0.001 0.000
(0.005) (0.005)

Queens 0.27 0.16 0.13 0.11 0.09 0.07 0.000 0.000
(0.004) (0.004)

Bronx 0.23 0.42 0.44 0.50 0.56 0.62 0.003 0.002
(0.005) (0.005)

Staten Island 0.06 0.01 0.01 0.02 0.02 0.04 0.000 0.000
(0.002) (0.002)
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Table 2.2: Descriptive Statistics for Students (continued)

Applicants Covariate Blance
Ranked small

Ranked small school and
school did not Lotteried

anywhere on receive more Ranked small Applicants applicants
NYC 8th Enrolled in a preference preferred school as a subject to Lotteried with baseline
graders small school form offer first choice lottery applicants scores

(1) (2) (3) (4) (5) (6) (7) (8)

Baseline Math score 0.00 -0.28 -0.24 -0.31 -0.32 -0.19 -0.020
(0.017)

Baseline English score 0.00 -0.23 -0.21 -0.26 -0.27 -0.10 -0.005
(0.016)

p-value 0.963 0.856
N 415,515 61,406 159,178 82,899 42,454 10,418 10,204 9,925

Notes: This table reports descriptive statistics for the sample of public school students in NYC and applicants to small schools in columns
(1)-(6). Demographic information and baseline scores are taken from grade 8. Baseline Math and English scores are from the NYC 8th grade
Math and English Language Arts exam, respectively. NYC 8th graders in column (1) are 8th grade applicants in the HS match from non-private
schools. Students enrolled in a small school are those who are in a small school in grade 9 in the school year after they participated in the
High School match. Applicants in column (3) rank a small school among one of their 12 choices on the high school admissions preference form.
Applicants in column (4) did not obtain an offer at a school more preferred to their highest ranked small school, and are therefore considered
for admissions at the small school. Applicants in column (5) rank a small school as their first choice, while applicants in column (6) are in a
small school where there is an admissions lottery and also are subject to the lottery. Columns (7)-(8) reports coefficients from regressions of
the variable in each row on an indicator equal to one if the student is offered a small school. We report these estimates for the sample with all
available student demographics in column (7) and also baseline scores in column (8). Regressions include risk-set controls, and robust standard
errors are in parenthesis. n.a. means not available. Special Education and Limited English Proficient students do not contribute to the lottery
sample because of they were not subject to lottery in the high school admissions process. P-values are from tests of the hypothesis that all
coefficients are zero.
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Table 2.3: NYC Enrollment Decisions, Average Per-Pupil Expenditure, and
School, Teacher, Staff, and Peer Characteristics for Small High School Compliers

Non-enrollees Small School Compliers
E[Y0|D=0] Non-Offered (Z=0) Offered (Z=1)

(1) (2) (3)

Panel A. Enrollment Decisions
Enrolled at Small Schools 0.00 0.00 1.00

Enrolled in Manhattan 0.20 0.22 0.16
Enrolled in Bronx 0.16 0.39 0.46
Enrolled in Brooklyn 0.26 0.19 0.20
Enrolled in Queens 0.23 0.11 0.09
Enrolled in Staten Island 0.06 0.09 0.09

Panel B. Average Per-Pupil Expenditure
Direct Services to School 13,051 14,294 13,651
Classroom Funds 7,329 7,890 7,415
Teachers 6,008 6,421 6,040
Instructional Support Services 1,926 2,249 1,982
Leadership / Supervision / Support 1,683 1,921 1,940
Ancillary Support 897 848 908
Building Services 1,142 1,304 1,324
Field Support Costs 326 354 300
System-wide Costs 352 370 366
System-wide Obligations 1,250 1,300 1,302

Panel C. School, Teacher, and Staff Characteristics
Number of Grade 9 Students 715 863 161
Number of Grade 9-12 Students 2,117 2,249 443

Average English Class Size 27 27 25
Average Math Class Size 27 26 25
Number of Full-time Assistant Principals 5 6 1
Number of Full-time Non-Teaching Staff 9 12 3
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Table 2.3: NYC Enrollment Decisions, Average Per-Pupil Expenditure, and
School, Teacher, Staff, and Peer Characteristics for Small High School Compliers

Non-enrollees Small School Compliers
E[Y0|D=0] Non-Offered (Z=0) Offered (Z=1)

(1) (2) (3)

Total Number of Core Classes Taught 428 446 107
Total Number of Teachers 121 132 32
Percent of Teachers with Fewer than Three Years of Teaching Experience 13 14 30
Percent of Teachers with Master’s Degree plus 30 hours or Doctorate 46 43 29
Percent of Teachers with No Valid Teaching Certificate 4 5 6
Teacher Turnover Rate 16 19 28

Panel D. Peer Characteristics
Baseline Peer Mean in Math 0.02 -0.28 -0.07
Baseline Peer Mean in English 0.00 -0.28 -0.03
Proportion Black or Hispanic 0.70 0.85 0.84
Proportion Subsidized Lunch 0.68 0.68 0.72
Proportion Female 0.48 0.44 0.48
Proportion Special Education 0.10 0.11 0.08
Proportion Limited English Proficient 0.12 0.14 0.07

Notes: This table shows descriptive statistics for students not enrolled at small schools, small school enrollment compliers not offered admissions
(Z=0), and enrollment compliers offered admissions (Z=1). Complier attributes are computed following methods described in Abadie (2003).
Baseline peer means are from 8th grade New York State Math and English and Language Arts tests for Spring 2002-2007. Teacher turnover
rate is the number of teachers in that school year who were not teaching in the following school year divided by the number of teachers in the
specified school year, expressed as a percentage. Non-teaching staff are staff other than teachers, principals, and assistant principals including
administrators, guidance counselors, school nurses, psychologists, and other professionals who devote more than have of their time to non-
teaching duties. Direct Services to Schools include Classroom Instruction, Instructional Support Services, Leadership/Supervision/Support,
Ancillary Support Services, and Building Services. Classroom Funds include Teachers, Educational Paraprofessionals, Other Classroom Staff,
Text Books, Libraries & Library Books, Instructional Supplies & Equipment, Professional Development, Contracted Instructional Services,
and Summer & Evening School. Instructional Support Services include Counseling, Attendance & Outreach Services, Related Services, Drug
Prevention Programs, Referral & Evaluation Services, After School & Student Activities, Parent Involvement. Leadership/Supervision/Support
includes Principals, Assistant Principals, Supervisors, Secretaries, School Aids & Other Support Staff, Supplies, Materials, Equipment and
Telephone. Ancillary Support Services include Food Services, Transportation, School Safety, and Computer System Support. Building Services
include Custodial Services, Building Maintenance, Leases, and Energy. School, teacher, and staff characteristics are from New York State
Report Cards for the years 2006-09 available at http://reportcards.nysed.gov/index.php. Class size data is from the NYC DOE website for the
years 2007-2009 available at http://schools.nyc.gov/AboutUs/data/classsize/classsize.htm. Expenditure data is from the NYC DOE website
for the years 2006-2009 available at http://schools.nyc.gov/Offices/DBOR/SBER/OLD_YEARS.htm.
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Table 2.4: Lottery Results

Basic Controls: 2SLS w/ Additional Controls: Attrition Adjustment:
Reduced Demographics Demographics+ Treat missing test score

Regents Subject First Stage Form 2SLS Baselines as baseline score
(1) (2) (3) (4) (5) (6)

Math 0.458*** 0.062** 0.136** 0.131** 0.132*** 0.119***
(0.058) (0.030) (0.063) (0.066) (0.040) (0.040)

N 7,494 7,494 7,494 7,493 7,448 10,058

English 0.775*** 0.083** 0.107** 0.107** 0.080 0.072
(0.102) (0.041) (0.053) (0.054) (0.051) (0.049)

N 7,224 7,224 7,224 7,223 7,148 10,037

Living Environment 0.449*** 0.079*** 0.176*** 0.169*** 0.189*** 0.178***
(0.061) (0.023) (0.059) (0.057) (0.050) (0.045)

N 6,976 6,976 6,976 6,975 6,940 10,058

Global History 0.672*** 0.074** 0.111* 0.108* 0.100* 0.112*
(0.070) (0.036) (0.060) (0.059) (0.052) (0.059)

N 7,145 7,145 7,145 7,144 7,071 10,037

US History 0.785*** 0.066*** 0.085** 0.085** 0.066** 0.059**
(0.139) (0.021) (0.035) (0.035) (0.029) (0.029)

N 6,656 6,656 6,656 6,655 6,584 10,037

Note: This table reports 2SLS estimates of the effect of years spent in a small school on Regents test outcomes. The instrument is an indicator
for obtaining a lottery offer. All models include year of test and risk set controls. Column (4) adds demographic controls, while column (5)
adds baseline test scores. Demographic controls include birthdate and dummies for female, black, Hispanic, white, asian, Manhattan, Brooklyn,
Bronx, and Queens. We use baseline Math for Math and Living Environment, and baseline Reading for English, Global History, and US History.
In column (6), for any students who with missing outcome score, we impute the student’s baseline score. Math baseline score is used for Regents
Math and Living Environment. English baseline score is used for Regents English, Global History, and US History. In columns (7) and (8),
we report estimates of upper and lower bounds without dummies of test year and risk sets, demographic and baseline controls following Lee
(2009). Robust standard errors clustered by school and year of test are in parenthesis. *significant at 10%; ** significant at 5%; *** significant
at 1%.
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Table 2.5: Lottery Estimates on Credits and Attendance

Mean for Non-Offered All Small Schools

(1) (2)

Panel A. Credits
Total Credits per Year 9.433 1.369***

(0.212)
N 17,867 34,884

10+ Credits per Year 0.556 0.098***
(0.020)

N 17,867 34,884

11+ Credits per Year 0.497 0.096***
(0.020)

N 17,867 34,884

Panel B. Grade Repetition
Start Grade 10 on-time 0.741 0.136***

(0.025)
5,049 9,752

Start Grade 11 on-time 0.587 0.166***
(0.029)

4,152 8,265

Start Grade 12 on-time 0.523 0.169***
(0.041)

2,581 5,180

Panel C. Attendance
Days Absent 26.56 -3.728***

(1.42)
N 15,871 31,298

Notes: This table reports 2SLS estimates of small school attendance on measures of credits per
year and attendance, where the endogenous variable is 9th grade small school enrollment and the
instrument is an indicator for offer. The sample is restricted to students in our lottery sample
with demographics and baseline scores. All models include controls for risk sets, demographics,
and baseline scores. Robust standard errors clustered at the student level are in parenthesis for
Panel A and C. Robust standard errors are reported for Panel B. Since enrollment data only covers
2005-2010, we include applicants from 2004-2007 for ”Start Grade 11 on-time.” For ”Start Grade
12 on-time,” we include applicants from 2004-2006. If a student is not matched with the credits
or attendance files, they are treated as having 0 credits and 0 attendance. *significant at 10%;
**significant at 5%; ***significant at 1%.
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Table 2.6: Lottery Estimates for High School Graduation and College Remediation

Mean for Non-Offered All Small Schools

(1) (2)

Panel A. Graduation
Received a HS diploma 0.533 0.093***

(0.031)
N 5,146 9,925

Received a Local HS diploma 0.148 0.001
(0.022)

N 5,146 9,925

Received a Regents diploma 0.341 0.101***
(0.035)

N 5,146 9,925

Received an Advanced Regents Diploma 0.044 -0.009
(0.013)

N 5,146 9,925

Panel B. Remediation
Not CUNY Remedial for Math 0.185 0.030

(0.026)
4,963 9,597

Not CUNY Remedial for Reading 0.315 0.086***
(0.030)

4,963 9,597

Not CUNY Remedial for Writing 0.313 0.090***
(0.031)

4,963 9,597

Notes: The table reports 2SLS estimates of small school attendance on high school graduation.
The endogenous variable is an indicator for whether a student attends a small school in grade 9.
The instrument is an indicator for obtaining an offer at a small school. If a student is coded as
receiving both a Local HS diploma and Regents or Advanced Regents diploma, we count the student
as receiving a Regents or Advanced Regents diploma. The sample is restricted to students with
baseline scores and demographic characteristics. Remediation benchmarks are based on CUNY
thresholds. Students who are not remedial for math either score 510 or higher on SAT Math or 75
or higher on Regents math. Students who are not remedial for reading either score 510 or higher on
SAT Reading or 75 or higher on Regents English. Students who are not remedial for writing either
score 510 or higher for SAT Writing or 75 or higher on Regents English. All models include risk
set dummies, demographic controls, and baseline test controls. Robust standard errors clustered
on 9th grade school are reported in parenthesis. *significant at 10%; ** significant at 5%; ***
significant at 1%.
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Table 2.7: Lottery Estimates on College Choice, Enrollment, and Persistence

Mean for Non-Offered All Small Schools
(1) (2)

Panel A. College Choice and Enrollment
Ever attend college 0.365 0.071**

(0.028)
N 4,633 8,573

Attend within four years 0.283 0.069***
(0.026)

N 4,633 8,573

Attend within six years 0.379 0.064**
(0.032)

N 3,740 7,095

Ever attend a 2 year college 0.196 0.036
(0.028)

N 4,633 8,573

Ever attend a 4 year college 0.205 0.060***
(0.020)

N 4,633 8,573

Ever attend a 4-year public college 0.135 0.066***
(0.021)

N 4,633 8,573

Ever attend a 4-year private college 0.087 0.007
(0.019)

N 4,633 8,573

Ever attend CUNY 0.247 0.070**
(0.028)

N 4,633 8,573

Panel B. College Persistence

At least 2 academic semesters attempted 0.243 0.049*
(0.025)

N 4,633 8,573

At least 4 academic semesters attempted 0.157 0.035
(0.023)

N 3,740 7,095

Notes: This table reports 2SLS estimates of small school attendance on measures of credits per year
and attendance, where the endogenous variable is attend small school in 9th grade and instrument
is an indicator for offer. We drop applicants in the 2003-04 cohort because we have few observations
in the NSC file for this cohort. We code ”attend college” as 1 if students could be matched with
the NSC file and their college name and enrollment dates are not missing. An academic semester
is enrollment between January and May or enrollment between August and December. The attend
within six years and persistence results for 4 academic semesters are only for application cohorts
from 2004-05, 2005-06, and 2006-07. Robust standard errors clustered on 9th grade school are
reported in parenthesis. *significant at 10%; **significant at 5%; ***significant at 1%.
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Table 2.8: Lottery Results for Subgroups

Gender Race Subsidized Baseline
All Male Female Black Hispanic Lunch Below Above

median median
(1) (2) (3) (4) (5) (6) (7) (8)

Regents Math 0.132*** 0.049 0.183*** 0.343*** 0.032 0.151*** 0.167*** 0.110***
(0.040) (0.051) (0.052) (0.074) (0.038) (0.045) (0.047) (0.042)

N 7,448 3,467 3,981 3,417 3,414 5,405 3,474 3,974

Regents English 0.08 0.027 0.117** 0.073 0.115 0.113* 0.076 0.083
(0.051) (0.071) (0.053) (0.053) (0.095) (0.058) (0.086) (0.051)

N 7,148 3,228 3,920 3,225 3,305 5,188 3,068 4,080

Received a HS diploma 0.093*** 0.072* 0.128*** 0.075 0.108** 0.085** 0.074 0.109***
(0.031) (0.041) (0.045) (0.048) (0.045) (0.035) (0.048) (0.036)

N 9,925 4,691 5,234 4,418 4,630 7,087 4,736 5,189

Received a Regents diploma 0.101*** 0.099** 0.109** 0.094 0.102*** 0.104*** 0.037 0.158***
(0.035) (0.045) (0.047) (0.058) (0.039) (0.038) (0.048) (0.040)

N 9,925 4,691 5,234 4,418 4,630 7,087 4,736 5,189

Attend college 0.071** 0.092** 0.064 0.073* 0.063 0.039 0.051 0.090***
(0.028) (0.037) (0.044) (0.043) (0.042) (0.034) (0.042) (0.035)

N 8,879 4,204 4,675 3,961 4,097 6,233 4,225 4,654

Attend a 4 year college 0.060*** 0.067** 0.065* 0.068** 0.024 0.052** 0.024 0.099***
(0.022) (0.028) (0.034) (0.034) (0.034) (0.025) (0.028) (0.029)

N 8,879 4,204 4,675 3,961 4,097 6,233 4,225 4,654

Attend a 4-year public college 0.066*** 0.053** 0.085** 0.082*** 0.023 0.062** 0.028 0.101***
(0.023) (0.026) (0.034) (0.030) (0.027) (0.025) (0.020) (0.032)

N 8,879 4,204 4,675 3,961 4,097 6,233 4,225 4,654

Notes: This table reports 2SLS estimates of small schools for subgroups of students. The sample is restricted to students with baseline scores
and demographic characteristics. The endogenous variable is years at small school for Regents outcomes and grade 9 small school attendance
for other outcomes. All models include year of test, risk set dummies, demographic controls, and baseline test controls. Robust standard errors,
clustered on year and school when taking the Regents test, and by school for the other outcomes are in parenthesis. *significant at 10%; **
significant at 5%; *** significant at 1%.
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Table 2.9: Lottery Results by Intermediary

Institute for
New Urban NYC Student College Outward All Other

Visions Assembly Replications Academies Achievement Board Bound Schools
(1) (2) (3) (4) (5) (6) (7) (8)

Regents Math 0.144*** 0.236*** 0.088** 0.587*** -0.102** 0.296*** 0.011 -0.073
(0.040) (0.073) (0.040) (0.183) (0.041) (0.098) (0.050) (0.064)

N 5,912 777 461 453 288 197 88 593

Regents English 0.088* 0.093 -0.019 0.187** -0.030 0.115*** 0.256** -0.028
(0.051) (0.066) (0.072) (0.074) (0.051) (0.040) (0.095) (0.029)

N 5,706 763 458 440 258 181 76 561

Received a Regents diploma 0.096*** 0.182** 0.016 0.095 0.037 0.075 0.388*** 0.047
(0.037) (0.075) (0.059) (0.146) (0.066) (0.079) (0.092) (0.047)

N 7,902 979 603 630 367 284 112 781

Attend college 0.059** 0.093* -0.023 -0.034 0.119 0.159* 0.316*** 0.025
(0.030) (0.053) (0.052) (0.092) (0.077) (0.091) (0.092) (0.061)

N 6,889 836 590 545 339 284 112 752

Attend a 4 year college 0.051** 0.022 0.073* 0.063 0.098 0.071 0.128 0.017
(0.021) (0.046) (0.038) (0.090) (0.066) (0.071) (0.098) (0.067)

N 6,889 836 590 545 339 284 112 752

Attend a 4-year public college 0.060*** 0.056 0.070** 0.026 0.084 0.054 0.050 0.037
(0.021) (0.046) (0.034) (0.085) (0.064) (0.044) (0.098) (0.068)

N 6,889 836 590 545 339 284 112 752

Notes: This table reports 2SLS estimates on small schools by intermediaries. The sample is restricted to students with baseline scores and
demographic characteristics. The endogenous variable is years at a small school supported by the intermediary for Regents outcomes and
attendance at a small school supported by the intermediary for other outcomes. All models include year of test, risk set dummies, demographic
controls, and baseline test controls. Robust standard errors, clustered on year and school when taking the Regents test, and by school for the
other outcomes are in parenthesis. *significant at 10%; ** significant at 5%; *** significant at 1%.
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Table 2.10: Contrasts in School Environment for Small School Compliers
from Student Responses on NYC School Climate Surveys

Non-Offered Offered Rank of
Compliers (Z=0) Compliers (Z=1) Difference Difference

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

Panel A. Engagement (11 questions; Small schools rated higher on 10 out of 11)
Most of the adults I see at school everyday know my name or who I am. -1.00 0.45 1.45 Best
The adults at my school look out for me. -0.79 0.19 0.98 2nd
My teachers inspire me to learn. -0.29 -0.22 0.07 10th
My school offers a wide enough variety of classes and activities to keep me
interested in school.

0.45 -0.37 -0.82 Worst

Panel B. Safety and Respect (20 questions; Small schools rated higher on 19 out of 20)
Most students in my school just look out for themselves. 0.87 -0.34 -1.21 Best
There is gang activity at my school. -0.96 0.20 1.16 2nd
The presence and actions of School Safety Agents help to promote a safe and
respectful learning environment.

-0.32 -0.28 0.04 19th

There is a person or program in my school to help students resolve conflicts. -0.09 -0.22 -0.13 Worst
Panel C. Academic Expectations (10 questions; Small schools rated higher on 9 out of 10)

How often, during this school year, have your teachers asked you to complete
an essay or research project using multiple sources of information?

-0.73 0.64 1.37 Best

Students who get good grades in my school are respected by other students. -0.66 0.10 0.76 2nd
I need to work hard to get good grades at my school. -0.22 -0.12 0.10 9th
My high school provides helpful counseling on how to get a good job after high
school or how to get into college.

0.00 0.09 0.09 Worst

Panel D. Communication (5 questions; Small schools rated higher on 5 out of 5)
In how many of your classes during the past two weeks have you worked in
groups of 2 to 6 students?

-0.90 0.14 1.04 Best

How comfortable are you taking to teachers and other adults at your school a
problem you are having in class?

-0.18 0.39 0.57 2nd

How comfortable are you taking to teachers and other adults at your school
about something that is bothering you?

-0.14 0.17 0.31 4th

In how many of your classes during the past two weeks have you participated
in hands-on activities such as science experiments or building things?

-0.45 -0.17 0.28 Worst

Notes: This table reports differences in school environment for small school compliers based on student answers to School Climate Surveys from
2007 through 2009. Survey responses are standardize to mean zero and unit variance within survey year and school type, so that the typical
response is 0. For each school, we compute an average of three years weighted by the number of respondents for each question. Complier
attributes are computed following methods described in Abadie (2003), following Table 3.
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Table 2.11: Contrasts in School Environment for Small School Compliers
from Teacher Responses on NYC School Climate Surveys

Non-Offered Offered Rank of
Compliers (Z=0) Compliers (Z=1) Difference Difference

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

Panel A. Engagement (8 questions; Small schools rated higher on 6 out of 8)
Teachers and administrators in my school use information from parents to
improve instructional practices and meet student learning needs.

-0.59 -0.07 0.52 Best

This year, I received helpful training on the use of student achievement data
to improve teaching and learning.

-0.39 0.07 0.46 2nd

The professional development I received this year provided me with content
support in my subject area.

-0.03 -0.08 -0.05 7th

My school offers a wide enough variety of activities or courses to keep students
engaged at my school.

0.23 -0.40 -0.63 Worst

Panel B. Safety and Respect (18 questions; Small schools rated higher on 13 out of 18)
Gang activity is a problem at my school. -0.81 0.20 1.01 Best
Crime and violence are a problem in my school. -0.97 -0.05 0.92 2nd
There is a person or program in my school to help students resolve conflicts. -0.19 -0.39 -0.20 17th
The presence and actions of School Safety Agents help to promote a safe and
respectful learning environment.

-0.07 -0.43 -0.36 Worst

Panel C. Academic Expectations (16 questions; Small schools rated higher on 15 out of 16)
Teachers in this school use student achievement data to improve instructional
decisions.

-0.71 0.11 0.82 Best

School leaders encourage collaboration among teachers. -0.77 -0.06 0.71 2nd
There is alignment across the curriculum, instruction, and assessment within
and across the grade levels at this school.

-0.46 -0.42 0.04 15th

The principal visits classrooms to observe the quality of teaching at this school. -0.22 -0.60 -0.38 Worst
Panel D. Communication (11 questions; Small schools rated higher on 10 out of 11)

School leaders communicate a clear vision for this school. -0.56 0.01 0.57 Best
My school communicates effectively with parents when students misbehave. -0.65 -0.10 0.55 2nd
School leaders give me regular and helpful feedback about my teaching. -0.35 -0.31 0.04 10th
The principal is an effective manager who makes the school run smoothly. -0.20 -0.29 -0.09 Worst

Notes: This table reports differences in school environment for small school compliers based on teacher answers to School Climate Surveys from
2007 through 2009. Survey responses are standardized to mean zero and unit variance within survey year and school type, so that the typical
response is 0. For each school, we compute an average of three years weighted by the number of respondents for each question. Complier
attributes are computed following methods described in Abadie (2003), following Table 3.
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Table 2.12: 2SLS Estimates of School Size

Endogenous Variable
School Size in Grade 9 (100s) School Size in Grades 9-12 (100s)

(1) (2)

Panel A. 2SLS
Regents Math -0.024*** -0.009***

(0.007) (0.003)
N 7,197 7,197

Regents English -0.023* -0.009*
(0.013) (0.005)

N 6,962 6,962

HS Graduation -0.011** -0.004***
(0.004) (0.002)

N 9,416 9,416

College Attendance -0.010** -0.004**
(0.005) (0.002)

N 8,410 8,410

Panel B. First Stage Estimates
Small School Offer -2.693*** -7.007***

(0.369) (0.939)
N 7,197 7,197

Notes: This table reports two-stage least squares (2SLS) estimates of the effects of school size on
Regents test scores, graduation and college attendance. The first-stage in Panel B is for the Regents
Math outcome and includes demographics and baseline scores. The unreported other first-stages are
similar. The sample includes students with demographics and baseline scores and the application
cohorts vary for each outcome following the appropriate outcome table. Robust standard errors,
clustered on year and school when taking the Regents test, and by school for the other outcomes
are in parenthesis.
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Table 2.A1: New York City Small High Schools Eligible for the Study

School Program Intermediary Year Closed Audited Years in Lottery Sample Reason for Exclusion from Lottery Sample
School ID Code Opened 2003-04 2004-05 2005-06 2006-07 2007-08

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

1 School For Democracy & Leadership K533 K01J NV 2004 0708 no lottery no lottery no lottery no lottery
2 School For Democracy & Leadership K533 K01X NV 2004 0506 no lottery no lottery no lottery no lottery
3 Brooklyn Secondary School for Collaborative Studies K448 K03R OB 2005 0506,0607 not open no lottery no lottery
4 School for Human Rights / Amnesty International K531 K04X NV 2004 no lottery no lottery no lottery no lottery no lottery
5 HS for Youth & Community Development at Erasmus K537 K06A NV 2004 no lottery no lottery no lottery no lottery no lottery
6 HS for Youth & Community Development at Erasmus K537 K06X NV 2004 0405 no lottery no lottery no lottery no lottery
7 Brooklyn Preparatory High School K488 K07X ISA 2004 0405,0506,0607 no lottery no lottery
8 UA School for Law & Justice K483 K08X NV,UA 2004 0304,0405,0506,0607 no lottery
9 Williamsburg High School for Architecture & Design K558 K09X NV 2004 0405,0506 no lottery no lottery no lottery
10 Juan Morel Campos Secondary School K071 K11X Other 2004 0708 no lottery no lottery no lottery no lottery
11 Foundations Academy K322 K18R ISA 2005 Y not open no lottery no lottery no lottery no lottery
12 High School for Service & Learning at Erasmus K539 K30X NV 2004 no lottery no lottery no lottery no lottery no lottery
13 High School for Global Citizenship K528 K32A NV 2004 no lottery no lottery no lottery no lottery no lottery
14 Frederick Douglass Academy IV Secondary School K393 K33R Rep 2005 0506,0607 not open no lottery no lottery
15 Bushwick Leaders’ HS for Academic Excellence K556 K36A Other 2004 0405 no lottery no lottery no lottery no lottery
16 Williamsburg Prep K561 K39X NV 2004 0506,0607 screened screened no lottery
17 Brooklyn Academy of Science & the Environment K547 K41A NV 2003 0304,0405,0506,0607 no lottery
18 International Arts Business School K544 K44A NV 2003 Y 0405,0506,0607 no lottery no lottery
19 International Arts Business School K544 K44B NV 2003 Y 0405,0506,0607 no lottery no lottery
20 International Arts Business School K544 K44C NV 2003 Y 0405,0506 no lottery no lottery no lottery
21 UA New York Harbor School K551 K51A NV,UA 2003 0405,0506 no lottery no lottery no lottery
22 Academy of Urban Planning K552 K52A NV 2003 0405 no lottery no lottery no lottery no lottery
23 Bushwick School for Social Justice K549 K54A NV,ISA 2003 Y 0304,0405 no lottery no lottery no lottery
24 All City Leadership Secondary School K554 K55A NV 2003 0405,0506,0607 no lottery no lottery
25 Performing Arts & Tech HS K507 K61X NV 2004 0506,0607 no lottery no lottery no lottery
26 FDNY HS For Fire & Life Safety K502 K62X NV 2004 0607,0708 no lottery no lottery no lottery
27 HS for Civil Rights K504 K63X NV 2004 no lottery no lottery no lottery no lottery no lottery
28 HS For Public Service: Heroes of Tomorrow K546 K64A NV 2003 no lottery screened screened screened screened
29 World Academy for Total Community Health HS K510 K65X NV 2004 no lottery no lottery no lottery no lottery no lottery
30 Frederick Douglass Academy VII HS K514 K80X Rep 2004 0506,0607 no lottery no lottery no lottery
31 Brooklyn Collegiate: A College Board School K493 K93X CB 2004 0405,0506,0607,0708 no lottery
32 HS for Sports Management K348 K97R Other 2005 Y 0506 not open no lottery no lottery no lottery
33 Rachel Carson HS for Coastal Studies K344 L01R Other 2005 Y not open screened no lottery no lottery no lottery
34 Urban Assembly HS of Music & Art K350 L02R UA 2005 0506,0607 not open no lottery no lottery
35 Academy for College Preparation & Career Exploration K382 L21A CB 2006 not open not open no lottery no lottery no lottery
36 Academy for Young Writers K404 L22A ISA 2006 0607,0708 not open not open no lottery
37 Academy for Environmental Leadership K403 L23A NV 2006 not open not open no lottery no lottery no lottery
38 Academy of Hospitality & Tourism K408 L24A NV,Acad 2006 0607 not open not open no lottery no lottery
39 Brooklyn Community Arts & Media High School K412 L25A ISA 2006 0607 not open not open no lottery no lottery
40 Green School: An Academy For Environmental Careers K454 L27A NV 2006 not open not open no lottery no lottery no lottery
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Table 2.A1: New York City Small High Schools Eligible for the Study

School Program Intermediary Year Closed Audited Years in Lottery Sample Reason for Exclusion from Lottery Sample
School ID Code Opened 2003-04 2004-05 2005-06 2006-07 2007-08

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

41 Agnes Y. Humphrey School For Leadership K027 L28A NV 2006 Y not open not open no lottery no lottery no lottery
42 Arts & Media Preparatory Academy K589 L31A ISA 2007 not open not open not open no lottery no lottery
43 Expeditionary Learning School for Community Leaders K572 L34A OB 2007 not open not open not open no lottery no lottery
44 It Takes A Village Academy K563 L36A Other 2007 not open not open not open no lottery no lottery
45 Kurt Hahn Expeditionary Learning School K569 L37A OB 2007 not open not open not open no lottery no lottery
46 Life Academy HS for Film & Music K559 L38A ISA 2007 not open not open not open no lottery no lottery
47 Lyons Community School K586 L39A NV 2007 not open not open not open no lottery no lottery
48 Victory Collegiate HS K576 L41A ISA 2007 not open not open not open no lottery no lottery
49 Academy for Social Action: A College Board School M367 M01A CB 2007 not open not open not open no lottery no lottery
50 Facing History School M303 M02R NV 2005 0506 not open no lottery no lottery no lottery
51 Urban Assembly School for the Performing Arts M369 M04A UA 2008 0708 not open not open not open not open
52 Lower Manhattan Arts Academy (Loma) M308 M05R Other 2005 0506,0607,0708 not open no lottery
53 Community Health Academy of the Heights M346 M07A NV 2008 0708 not open not open not open not open
54 James Baldwin: A School for Expeditionary Learning M313 M08R OB 2005 Y 0506,0607 not open no lottery no lottery
55 Manhattan Theatre Lab School M283 M09X NV 2004 Y 0405,0506 no lottery no lottery no lottery
56 HS for Arts, Imagination, & Inquiry M299 M11R NV 2005 0506,0607 not open no lottery no lottery
57 Urban Assembly School for Media Studies M307 M22X NV,UA 2004 0405 no lottery no lottery no lottery no lottery
58 Food & Finance HS M288 M34X NV 2004 0304,0607,0708 no lottery no lottery
59 HS of Hospitality Management M296 M36X NV,Acad 2004 0506,0607 no lottery no lottery no lottery
60 Essex Street Academy M294 M37X NV 2004 0405,0607,0708 no lottery no lottery
61 PACE HS M298 M38X NV 2004 Y 0304,0506,0607 no lottery no lottery
62 Frederick Douglas Academy II M860 M39A NV,Rep 2002 0304 no lottery no lottery screened screened
63 Urban Assembly School of Design & Construction M300 M44X NV,UA 2004 0405,0506,0607 no lottery no lottery
64 Henry Street School for International Studies M292 M46X Rep 2004 0405,0506 no lottery no lottery no lottery
65 Mott Hall HS M304 M49X Rep 2004 0405,0506,0607,0708 no lottery
66 New Design HS M543 M53A Other 2003 no lottery screened screened screened screened
67 Urban Assembly School of Business for Young Women M316 M63R UA 2005 0607 not open screened no lottery no lottery
68 Urban Assembly Academy of Government & Law M305 M65R UA 2005 0506,0607 not open no lottery no lottery
69 Washington Heights Expeditionary Learning School M348 M88A OB 2008 not open not open not open not open no lottery
70 Queens Preparatory Academy Q248 Q04R ISA 2005 not open no lottery no lottery no lottery no lottery
71 HS of Applied Communication Q267 Q07R Other 2005 0506,0607 not open no lottery no lottery
72 Academy of Finance & Enterprise Q264 Q08R Acad 2005 0506,0607 not open no lottery no lottery
73 Pathways College Preparatory School Q259 Q09R CB 2005 not open no lottery no lottery no lottery no lottery
74 Hillcrest HS Q505 Q24Z NV 2004 Y 0405 no lottery no lottery no lottery no lottery
75 Excelsior Preparatory HS Q265 Q42X ISA 2004 0304,0405 no lottery no lottery no lottery
76 George Washington Carver High School For The Sciences Q272 Q45A Other 2004 0405,0506,0607,0708 no lottery
77 George Washington Carver High School For The Sciences Q272 Q45C Other 2004 0405 no lottery no lottery no lottery no lottery
78 Frederick Douglass Academy VI HS Q260 Q75X Rep 2004 no lottery no lottery no lottery no lottery no lottery
79 Civic Leadership Academy Q293 Q76A NV 2008 not open not open not open not open no lottery
80 Cypress Hills Collegiate Preparatory Q279 Q81A NV 2006 0607,0708 not open not open no lottery
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Table 2.A1: New York City Small High Schools Eligible for the Study

School Program Intermediary Year Closed Audited Years in Lottery Sample Reason for Exclusion from Lottery Sample
School ID Code Opened 2003-04 2004-05 2005-06 2006-07 2007-08

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

81 East-West School of International Studies Q281 Q82A NV 2006 not open not open no lottery no lottery no lottery
82 Preparatory Academy for Writers Q283 Q84A CB 2006 Y not open not open no lottery no lottery no lottery
83 World Journalism Preparatory Q285 Q85A CB 2006 0607 not open not open no lottery no lottery
84 Young Women’s Leadership School, Queens Campus Q896 Q89A NV 2007 0607 not open not open not open no lottery
85 Channel View School for Research Q262 Q97X NV,OB 2004 0607,0708 no lottery no lottery no lottery
86 CSI HS for International Studies R047 R01R Other 2005 0405,0506,0607 not open no lottery
87 HS of Computers & Technology X275 X01X NV 2004 Y 0304,0405,0506,0607,0708
88 Academy for Scholarship & Entrepreneurship X270 X02R CB 2005 Y 0506,0607 not open no lottery no lottery
89 Eximius College Preparatory Academy X250 X03R CB 2005 0506 not open no lottery no lottery no lottery
90 Mott Hall Bronx HS X252 X04R NV,Rep 2005 0607,0708 not open no lottery no lottery
91 Bronx Center for Science & Mathematics X260 X05R NV,Rep 2005 0506,0607 not open no lottery no lottery
92 Leadership Institute X276 X06R NV 2005 not open no lottery no lottery no lottery no lottery
93 Validus Preparatory Academy X263 X07R OB 2005 0607 not open no lottery no lottery no lottery
94 Explorations Academy X251 X08R ISA 2005 Y not open no lottery no lottery no lottery no lottery
95 South Bronx Preparatory X221 X11X CB 2004 0405,0506 no lottery no lottery no lottery
96 Columbus Institute Of Math And Science /

Collegiate Institute for Math and Science
X415 X12Z NV 2003 0304,0405,0506,0607 no lottery

97 Astor Collegiate Academy X299 X17A NV 2003 0304,0405,0506,0607,0708
98 UA Academy for History & Citizenship for Young Men X239 X21X NV,UA 2004 Y screened screened no lottery no lottery no lottery
99 Bronx Academy of Health Careers X290 X22A NV 2003 0304,0405,0506,0607 no lottery
100 UA Bronx Academy of Letters X551 X27A NV,UA 2003 0304,0405,0506,0607 no lottery
101 Bronx School of Law & Finance X284 X28A NV,Acad 2003 0304,0405,0506,0607 no lottery
102 Collegiate Institute for Math & Science X288 X29J NV 2003 0304,0405,0506,0607,0708
103 Bronx Aerospace Academy X545 X30A NV 2002 Y 0304,0506,0607,0708 no lottery
104 Urban Assembly School For Careers In Sports X548 X31A NV,UA 2002 0304,0506,0607 no lottery no lottery
105 Bronx Guild X452 X32A NV 2002 0506 no lottery no lottery no lottery no lottery
106 High School For Teaching And The Professions X433 X34A NV 2002 0405,0607 no lottery no lottery no lottery
107 Bronx HS for the Visual Arts X418 X35A NV 2002 0304,0506,0607,0708 no lottery
108 Bronx Leadership Academy II HS X527 X37A NV 2002 no lottery no lottery no lottery no lottery no lottery
109 Bronx Theatre HS X546 X38A NV 2003 0304,0405,0506,0607 no lottery
110 Bronx Theatre HS X546 X38B NV 2003 0405,0506,0607,0708 no lottery
111 Discovery HS X549 X39A NV 2003 Y 0405,0506,0607 no lottery no lottery
112 Global Enterprise Academy X541 X40A NV 2003 Y 0405,0506 no lottery no lottery no lottery
113 High School For Violin And Dance X543 X41A Other 2004 0304,0405,0506,0607 no lottery
114 Mott Haven Village Preparatory HS X473 X44A NV 2002 0304,0405,0506 no lottery no lottery
115 Mott Haven Village Preparatory HS X473 X44X NV 2007 0607,0708 not open not open not open
116 Pelham Preparatory Academy X542 X45A NV 2003 0304,0405,0506,0607 no lottery
117 School For Excellence X404 X46A NV,ISA 2002 0405 no lottery no lottery no lottery no lottery
118 Community School for Social Justice X427 X47A NV 2002 0304,0405,0607 no lottery no lottery
119 HS for Contemporary Arts X544 X48A NV 2003 0405 no lottery no lottery no lottery no lottery
120 HS for Contemporary Arts X544 X48B NV 2003 0405 no lottery no lottery no lottery no lottery
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Table 2.A1: New York City Small High Schools Eligible for the Study

School Program Intermediary Year Closed Audited Years in Lottery Sample Reason for Exclusion from Lottery Sample
School ID Code Opened 2003-04 2004-05 2005-06 2006-07 2007-08

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

121 New Explorers HS X547 X49A NV 2002 0304,0405,0506,0607 no lottery
122 School for Community Research & Learning X540 X50A NV 2003 Y no lottery no lottery no lottery no lottery no lottery
123 Bronx Expeditionary Learning HS / Collegiate Academy X227 X58X OB 2004 Y 0506 no lottery no lottery no lottery no lottery
124 West Bronx Academy for the Future X243 X59X NV 2004 0405 no lottery no lottery no lottery no lottery
125 Bronx Engineering & Tech Academy X213 X61X NV,Acad 2004 Y 0405,0506,0607 no lottery no lottery
126 M. Curie HS for Nursing, Med., & Allied Health Professions X237 X62X NV 2004 0405,0506,0607,0708 no lottery
127 Frederick Douglas Academy III X517 X63X Rep 2004 0506,0607,0708 no lottery no lottery
128 Bronx Laboratory HS X265 X64X ISA 2004 0405,0607,0708 no lottery no lottery
129 Felisa Rincon De Gautier Institute for Law & Public Policy X519 X65R Other 2005 Y not open no lottery no lottery no lottery no lottery
130 Gateway School of Environmental Research & Technology X295 X66A NV 2004 Y 0304,0405 no lottery no lottery no lottery
131 Millennium Art Academy X312 X72A NV 2003 0304,0405,0506,0607,0708
132 Bronx HS for Writing & Communication Arts X253 X76X NV 2004 0405,0607 no lottery no lottery no lottery
133 Metropolitan HS X248 X77R Rep 2005 Y not open no lottery no lottery no lottery no lottery
134 New Day Academy X245 X79R Rep 2005 Y not open no lottery no lottery no lottery no lottery
135 Morris Academy for Collaborative Studies X297 X81X NV 2004 no lottery no lottery no lottery no lottery no lottery
136 Bronx HS for Performance & Stagecraft X262 X82X NV 2004 Y 0405,0506,0607 no lottery no lottery
137 East Bronx Academy for the Future X271 X83X NV 2004 0607,0708 no lottery no lottery no lottery
138 Peace & Diversity Academy X278 X84X NV 2004 Y 0405,0506 no lottery no lottery no lottery
139 Bronxwood Preparatory Academy/Sports Professions HS X514 X85R Other 2005 Y 0506,0607,0708 not open no lottery
140 Bronx Health Sciences HS X249 X88X NV 2004 Y 0405,0506,0607 no lottery no lottery
141 Pablo Neruda Academy X305 X97A NV,ISA 2003 Y no lottery no lottery no lottery no lottery no lottery
142 Renaissance HS of Musical Theater & Technology X293 X98A NV 2003 0304,0405,0506,0607 no lottery
143 Eagle Academy for Young Men X231 X99X NV 2004 0506,0607,0708 screened screened
144 Young Women’s Leadership School, Bronx

Campus/Women’s Academy of Excellence
X282 Y01T NV 2006 0506,0607 not open not open no lottery

145 DreamYard Preparatory School X329 Y21A NV 2006 not open not open no lottery no lottery no lottery
146 Holcombe L. Rucker School of Community Research X332 Y22A ISA 2006 not open not open no lottery no lottery no lottery
147 International School for Liberal Arts X342 Y24A Other 2006 0607,0708 not open not open no lottery
148 Urban Assembly School for the Performing Arts X336 Y25A UA 2006 0607 not open not open no lottery no lottery
149 Urban Assembly School for Applied Math & Science X241 Y29A NV,UA 2007 0607,0708 not open not open not open
150 Knowledge & Power Prep. Academy International HS X374 Y32A NV,Rep 2007 not open not open not open no lottery no lottery
151 Bronx Latin X267 Y35A NV 2007 not open not open not open no lottery no lottery

Notes. List of eligible small high school programs comes from the NYC Supplementary High School Directory from 2004, 2005, and 2006; the
2005 NYC DOE Guide to Small Schools; New Visions Annual Reports from 2005, 2007, 2008, 2010; School intermediary websites listed in Foley
(2010); and the list of Small Schools in Bloom, Thompson, and Utterman (2010). A school is eligible if it opened between 2002 and 2008 and is
unscreened or limited unscreened for at least one year. To be in the lottery study, a program at the school must be a set of applicants who are
subject to a rationing by the random number. Abbreviations of intermediary organizations are as follows: NV = New Visions, UA = Urban
Assembly, Rep = Replications, Acad = NYC Academies, ISA = Institute for Student Achievement, CB = College Board, OB = Outward
Bound, and Other are the remaining schools. A school program is excluded from the lottery sample if it is either 1) not opened, 2) screened,
3) without a valid lottery, or 4) does not involve rationing. Schools without a valid lottery are those for whom their records do not make clear
which applicants were rationed, if any. A school may not be rationed if there are not more applicants than seats in the last priority group to
obtain an assignment, or the school is not ranked in the main round of the HS match. A school is closed if it is not listed in the 2012-13 HS
Directory. The list of audited schools is contained in the Auditor General’s High School Academic Data Report (Fleischer 2012).
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Table 2.A2: Lottery Information at NYC Small High Schools

Number of Average
Number of applicants years at

Calendar Enrollment Number of Number of schools ranking a lotto schools
Lottery years grades applicants to students ever Number of a valid small school as Percent Percent (among
cohort observed observed small schools enrolled schools lottery first choice offered attended offered)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. All Small High Schools
2003-2004 2004-2010 9-12 21442 7713 90 26 7204 0.10 0.28 1.21
2004-2005 2005-2010 9-12 34235 10020 118 57 9434 0.10 0.53 1.64
2005-2006 2006-2010 9-12 33615 11360 134 68 9052 0.11 0.61 1.49
2006-2007 2007-2010 9-12 34599 12520 147 75 8450 0.19 0.76 1.00
2007-2008 2008-2010 9-11 35287 12312 151 31 3664 0.17 0.73 0.82

Panel B. New Visions
2003-2004 2004-2010 9-12 19515 6192 73 24 1034 0.68 0.31 1.17
2004-2005 2005-2010 9-12 30101 6656 78 45 1666 0.46 0.43 1.47
2005-2006 2006-2010 9-12 27995 7345 86 45 1822 0.40 0.41 1.48
2006-2007 2007-2010 9-12 28330 8021 92 49 2398 0.46 0.46 0.97
2007-2008 2008-2010 9-11 28780 7805 94 20 1221 0.29 0.27 0.80

Panel C. Urban Assembly
2003-2004 2004-2010 9-12 4606 562 7 3 145 0.66 0.34 1.19
2004-2005 2005-2010 9-12 7886 821 10 5 250 0.68 0.68 2.00
2005-2006 2006-2010 9-12 8251 913 11 7 261 0.73 0.59 1.35
2006-2007 2007-2010 9-12 7048 1000 12 9 311 0.76 0.59 0.73
2007-2008 2008-2010 9-11 7306 966 13 2 24 0.58 0.67 1.00

Panel D. Replications
2003-2004 2004-2010 9-12 772 487 6 1 13 0.62 0.46 1.00
2004-2005 2005-2010 9-12 5124 974 11 2 37 0.51 0.57 2.89
2005-2006 2006-2010 9-12 5886 1029 11 6 185 0.45 0.46 1.61
2006-2007 2007-2010 9-12 6165 1115 12 6 294 0.67 0.69 1.06
2007-2008 2008-2010 9-11 6551 1030 12 3 85 0.89 0.80 0.89

Panel E. NYC Academies
2003-2004 2004-2010 9-12 2780 196 3 1 87 0.45 0.02 0.00
2004-2005 2005-2010 9-12 4969 305 4 2 163 0.11 0.22 0.17
2005-2006 2006-2010 9-12 4411 376 5 4 192 0.18 0.21 1.29
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Table 2.A2: Lottery Information at NYC Small High Schools

Number of Average
Number of applicants years at

Calendar Enrollment Number of Number of schools ranking a lotto schools
Lottery years grades applicants to students ever Number of a valid small school as Percent Percent (among
cohort observed observed small schools enrolled schools lottery first choice offered attended offered)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

2006-2007 2007-2010 9-12 4323 387 5 5 209 0.49 0.36 0.64
2007-2008 2008-2010 9-11 4046 388 5 0 . . . .

Panel F. Institute for Student Achievement
2003-2004 2004-2010 9-12 3151 507 6 2 30 0.57 0.53 1.88
2004-2005 2005-2010 9-12 4626 754 9 5 94 0.69 0.63 1.28
2005-2006 2006-2010 9-12 4390 995 12 1 19 0.95 0.79 1.39
2006-2007 2007-2010 9-12 5938 1238 15 4 115 0.79 0.71 1.35
2007-2008 2008-2010 9-11 6249 1150 15 2 121 0.84 0.69 0.81

Panel G. College Board
2003-2004 2004-2010 9-12 300 154 2 0 . . . .
2004-2005 2005-2010 9-12 2042 368 5 2 39 0.54 0.51 2.05
2005-2006 2006-2010 9-12 2821 580 8 4 106 0.38 0.47 1.55
2006-2007 2007-2010 9-12 3223 667 9 3 125 0.44 0.46 0.87
2007-2008 2008-2010 9-11 3813 707 9 1 23 0.61 0.57 0.93

Panel H. Outward Bound
2003-2004 2004-2010 9-12 262 180 2 0 . . . .
2004-2005 2005-2010 9-12 1406 428 5 0 . . . .
2005-2006 2006-2010 9-12 1972 434 5 3 28 0.68 0.54 1.26
2006-2007 2007-2010 9-12 2214 492 7 4 68 0.71 0.60 1.02
2007-2008 2008-2010 9-11 2914 575 8 1 23 0.43 0.35 0.80

Panel I. All Other Small Schools
2003-2004 2004-2010 9-12 2999 585 6 1 29 0.52 0.55 3.13
2004-2005 2005-2010 9-12 5564 1075 13 5 157 0.80 0.73 2.34
2005-2006 2006-2010 9-12 7054 1125 14 7 234 0.39 0.33 1.47
2006-2007 2007-2010 9-12 7290 1252 15 7 252 0.47 0.47 1.04
2007-2008 2008-2010 9-11 8443 1298 15 5 138 0.80 0.67 0.83

Notes: Table reports the number of schools and oversubscription rates at eligible small high schools. Column (4) is restricted to 8th graders in
New York City public schools.
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Table 2.A3: Attrition

Attrition Differentials
Fraction of Non-offered

Demographicswith Regents Demographics+
Regents Subject Baseline Scores

(1) (2) (3)

Math 0.717 0.016 0.016
(0.011) (0.011)

N 3,809 10,204 10,058

English 0.684 0.023** 0.025**
(0.011) (0.011)

N 3,634 10,204 10,037

Living Environment 0.655 0.044*** 0.046***
(0.011) (0.011)

N 3,482 10,204 10,058

Global History 0.672 0.027** 0.029**
(0.011) (0.011)

N 3,569 10,204 10,037

US History 0.616 0.044*** 0.046***
(0.012) (0.012)

N 3,275 10,204 10,037

Notes: Table reports coefficients from regressions of an indicator variable equal to 1 if the outcome
test score is non-missing on offer. Models for columns (2) and (3) include risk-set controls and
demographic variables. In column (3), we add baseline test scores as controls. The sample includes
lottery participants for whom we expect to observe follow-up scores. Robust standard errors in
parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table 2.A4: Lottery Estimates for College Board Outcomes

Intermediaries
Institute for NYC

Mean for All Small New Urban NYC Student College Outward All
Non-offered Schools Visions Assembly Replications Academies Achievement Board Bound Other

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Take PSAT 0.637 0.132*** 0.114*** 0.126** 0.053 -0.075 0.096 sample sample 0.091**
(0.028) (0.032) (0.052) (0.044) (0.176) (0.073) too too (0.036)

N 4,963 9,597 7,681 959 578 606 361 small small 732

PSAT score (Max) 107.083 0.796 0.444 6.104*** 2.749 2.638 9.705*** sample sample 0.068
among takers (1.072) (1.204) (2.308) (2.106) (4.087) (2.978) too too (0.956)
N 3,162 6,425 5,100 680 418 379 257 small small 512

Take SAT 0.343 0.017 0.062* 0.252*** -0.145*** 0.010 0.171* sample sample -0.235***
(0.039) (0.032) (0.063) (0.053) (0.115) (0.090) too too (0.081)

N 4,963 9,597 7,681 959 578 606 361 small small 732

SAT Score (max) 1194.465 -15.755 -0.884 32.545 36.663 14.147 -20.728 sample sample -35.428
among takers (16.046) (17.790) (32.715) (33.234) (56.615) (42.241) too too (29.222)
N 1,702 3,557 2,879 485 219 200 155 small small 247

Take any AP exam 0.088 0.003 0.016 0.129*** -0.003 0.139 -0.033 sample sample -0.053*
(0.019) (0.021) (0.045) (0.035) (0.092) (0.048) too too (0.029)

N 4,963 9,597 7,681 959 578 606 361 small small 732

Notes: Table reports 2SLS estimates of small school attendance on College Board outcomes. The endogenous variable is an indicator for grade
9 small school enrollment. The instrument is an indicator for obtaining an offer at a small school. All models include year of test, risk set
dummies, demographic controls, and baseline test controls. PSAT and SAT scores refer to the maximum score for repeat takers. Robust
standard errors clustered on 9th grade school are reported in parenthesis. *significant at 10%; ** significant at 5%; *** significant at 1%.
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Table 2.A5: a NYC Enrollment Decisions, School Characteristics, and
Peers Characteristics for Compliers by Intermediary

Compliers at Intermediaries
New Visions Urban Assembly Replications NYC Academies

Not-Offered Offered Not-Offered Offered Not-Offered Offered Not-Offered Offered
(Z=0) (Z=1) (Z=0) (Z=1) (Z=0) (Z=1) (Z=0) (Z=1)

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Enrollment Decisions
Enrolled at small schools 0.17 1.00 0.46 1.00 0.37 1.00 0.51 1.00
Enrolled in Manhattan 0.24 0.19 0.19 0.16 0.28 0.22 0.25 0.27
Enrolled in Bronx 0.51 0.59 0.32 0.34 0.56 0.60 0.45 0.37
Enrolled in Brooklyn 0.17 0.18 0.45 0.50 0.19 0.18 0.03 0.00
Enrolled in Queens 0.07 0.05 0.05 0.00 0.00 0.00 0.34 0.35
Enrolled in Staten Island 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Panel B. Average Per-Pupil Expenditure
Direct Services to School 14,491 13,801 14,026 13,723 14,439 12,909 16,391 14,495
Classroom Funds 7,938 7,520 7,702 7,305 7,814 7,242 8,419 7,522
Teachers 6,410 6,073 6,286 5,833 6,369 5,628 6,664 6,132
Instructional Support Services 2,252 2,046 2,070 2,119 2,120 1,822 3,071 1,501
Leadership / Supervision / Support 1,994 1,963 2,095 1,926 2,083 1,732 2,049 2,062
Ancillary Support 838 901 746 874 845 890 970 843
Building Services 1,386 1,285 1,326 1,390 1,487 1,137 1,784 2,500

Panel C. School, Teacher, and Staff Characteristics
Number of Grade 9 Students 790 173 517 106 481 131 883 135
Number of Grade 9-12 Students 1,955 484 1,335 314 1,311 314 2,157 315
Average English Class Size 26 25 25 24 27 28 24 24
Average Math Class Size 25 24 25 23 27 27 25 24
Total Number of Core Classes Taught 388 109 273 66 262 79 384 77
Total Number of Teachers 117 34 82 24 82 26 128 24
Percent of Teachers with Fewer
than Three Years of Teaching Ex-
perience

18 30 18 36 26 45 15 32

Percent of Teachers with Master’s
Degree plus 30 Hours or Doctor-
ate

39 29 39 23 36 21 45 28

Percent of Teachers with No Valid
Teaching Certificate

16 15 13 21 18 19 18 14

Teacher Turnover Rate 21 28 21 25 24 31 29 31
Number of Full-time Assistant Principals 5 1 4 1 3 0 6 1
Number of Full-time Non-Teaching Staff 11 3 8 1 7 2 13 1

Panel D. Peer Characteristics
Baseline Peer Mean in Math -0.33 -0.13 -0.31 -0.03 -0.21 0.11 -0.42 -0.06
Baseline Peer Mean in English -0.33 -0.10 -0.31 -0.02 -0.20 0.15 -0.49 -0.13
Proportion Black or Hispanic 0.91 0.91 0.93 0.96 0.94 0.95 0.89 0.85
Proportion Subsidized Lunch 0.69 0.72 0.74 0.79 0.74 0.75 0.65 0.67
Proportion Female 0.44 0.46 0.44 0.43 0.50 0.52 0.41 0.48
Proportion Special Education 0.11 0.09 0.09 0.06 0.08 0.06 0.14 0.06
Proportion Limited English Proficient 0.15 0.08 0.12 0.07 0.12 0.06 0.21 0.13

Notes: This table shows descriptive statistics for students not enrolled at small schools, small school
enrollment compliers not offered admissions (Z=0), and enrollment compliers offered admissions
(Z=1). Complier attributes are computed following methods described in Abadie (2003). Baseline
peer means are from 8th grade New York State Math and English and Language Arts tests for Spring
2002-2007. Teacher turnover rate is the number of teachers in that school year who were not teaching
in the following school year divided by the number of teachers in the specified school year, expressed
as a percentage. Non-teaching staff are staff other than teachers, principals, and assistant principals
including administrators, guidance counselors, school nurses, psychologists, and other professionals
who devote more than have of their time to non-teaching duties. Direct Services to Schools include
Classroom Instruction, Instructional Support Services, Leadership/Supervision/Support, Ancillary
Support Services, and Building Services (continued on next page).
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Table 2.A5: b NYC Enrollment Decisions, School Characteristics, and
Peers Characteristics for Compliers by Intermediary

Compliers at Intermediaries
Institute for

Student Achievement College Board Outward Bound All Others
Not-Offered Offered Not-Offered Offered Not-Offered Offered Not-Offered Offered

(Z=0) (Z=1) (Z=0) (Z=1) (Z=0) (Z=1) (Z=0) (Z=1)
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Enrollment Decisions
Enrolled at small schools 0.38 1.00 0.35 1.00 0.34 1.00 0.21 1.00
Enrolled in Manhattan 0.09 0.00 0.08 0.00 0.03 0.08 0.08 0.03
Enrolled in Bronx 0.21 0.24 0.38 0.39 0.37 0.28 0.35 0.39
Enrolled in Brooklyn 0.60 0.72 0.34 0.39 0.42 0.34 0.02 0.01
Enrolled in Queens 0.08 0.05 0.20 0.22 0.30 0.29 0.10 0.10
Enrolled in Staten Island 0.00 0.00 0.00 0.00 0.01 0.00 0.43 0.47

Panel B. Average Per-Pupil Expenditure
Direct Services to School 13,744 14,126 15,126 14,766 15,263 14,659 13,473 13,805
Classroom Funds 7,593 7,689 8,348 7,746 8,521 8,103 7,406 7,401
Teachers 6,084 6,016 6,781 6,410 6,803 6,659 6,117 6,206
Instructional Support Services 2,023 2,115 2,210 2,135 2,182 2,117 2,155 1,958
Leadership / Supervision / Support 1,874 2,121 2,123 2,027 2,019 1,796 1,776 2,080
Ancillary Support 811 848 879 1,104 966 1,030 970 913
Building Services 1,363 1,261 1,482 1,659 1,493 1,530 1,085 1,380

Panel C. School, Teacher, and Staff Characteristics
Number of Grade 9 Students 383 129 510 106 469 108 700 116
Number of Grade 9-12 Students 1,161 334 1,454 251 1,243 274 2,153 281
Average English Class Size 26 22 29 29 28 27 28 25
Average Math Class Size 26 24 29 29 28 26 27 24
Total Number of Core Classes Taught 248 92 299 90 253 123 443 87
Total Number of Teachers 69 27 87 33 84 42 123 22
Percent of Teachers with Fewer
than Three Years of Teaching Ex-
perience

24 25 25 33 22 32 18 34

Percent of Teachers with Master’s
Degree plus 30 Hours or Doctor-
ate

33 19 38 25 38 24 44 30

Percent of Teachers with No Valid
Teaching Certificate

16 16 17 15 17 14 14 18

Teacher Turnover Rate 22 26 24 35 22 19 15 23
Number of Full-time Assistant Principals 3 1 4 1 3 1 5 1
Number of Full-time Non-Teaching Staff 6 2 7 3 8 3 10 1

Panel D. Peer Characteristics
Baseline Peer Mean in Math -0.32 -0.35 -0.20 -0.16 -0.30 -0.16 -0.17 -0.07
Baseline Peer Mean in English -0.29 -0.24 -0.21 -0.05 -0.24 -0.04 -0.12 -0.01
Proportion Black or Hispanic 0.93 0.97 0.86 0.86 0.97 0.89 0.68 0.62
Proportion Subsidized Lunch 0.75 0.80 0.72 0.71 0.76 0.80 0.66 0.68
Proportion Female 0.51 0.56 0.51 0.54 0.55 0.56 0.50 0.56
Proportion Special Education 0.10 0.06 0.09 0.07 0.08 0.07 0.10 0.06
Proportion Limited English Proficient 0.11 0.10 0.11 0.05 0.08 0.08 0.10 0.08

(continued) Classroom Funds include Teachers, Educational Paraprofessionals, Other Classroom
Staff, Text Books, Libraries & Library Books, Instructional Supplies & Equipment, Professional
Development, Contracted Instructional Services, and Summer & Evening School. Instructional
Support Services include Counseling, Attendance & Outreach Services, Related Services, Drug
Prevention Programs, Referral & Evaluation Services, After School & Student Activities, Par-
ent Involvement. Leadership/Supervision/Support includes Principals, Assistant Principals, Su-
pervisors, Secretaries, School Aids & Other Support Staff, Supplies, Materials, Equipment and
Telephone. Ancillary Support Services include Food Services, Transportation, School Safety, and
Computer System Support. Building Services include Custodial Services, Building Maintenance,
Leases, and Energy. School, teacher, and staff characteristics are from New York State Report
Cards for the years 2006-09 available at http://reportcards.nysed.gov/index.php. Class size data
is from the NYC DOE website for the years 2007-2009 available at http://schools.nyc.gov/
AboutUs/data/classsize/classsize.htm. Expenditure data for the years 2006-2009 is available
at http://schools.nyc.gov/Offices/DBOR/SBER/OLD_YEARS.htm.
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Table 2.A6: Lottery Results by School Subsamples

Excluding Excluding
All Small Year school opened closed audited
Schools 2002-2005 2006-2008 schools schools

(1) (2) (3) (4) (5)

Regents Math 0.132*** 0.108*** 0.282** 0.135*** 0.114***
(0.040) (0.040) (0.112) (0.036) (0.042)

N 7,448 7,024 424 7,110 6,541

Regents English 0.080 0.073 0.081*** 0.087* 0.049
(0.051) (0.051) (0.017) (0.048) (0.045)

N 7,148 6,761 387 6,830 6,304

Total Credits 1.369*** 1.266*** 1.037** 1.486*** 1.218***
(0.212) (0.208) (0.496) (0.204) (0.213)

N 34,884 33022 1,862 33,228 30,400

Received a HS diploma 0.093*** 0.081*** 0.137** 0.099*** 0.100***
(0.031) (0.029) (0.068) (0.030) (0.032)

N 9,925 9,344 581 9,472 8,711

Received a Regents diploma 0.101*** 0.095*** 0.064 0.107*** 0.120***
(0.035) (0.033) (0.073) (0.033) (0.033)

N 9,925 9,344 581 9,472 8,711

Attend college 0.071** 0.058** 0.135* 0.076*** 0.066**
(0.028) (0.027) (0.071) (0.027) (0.029)

N 8,879 8,298 581 8,447 7,788

Attend a 4 year college 0.060*** 0.049** 0.106* 0.063*** 0.055**
(0.022) (0.021) (0.061) (0.022) (0.023)

N 8,879 8,298 581 8,447 7,788

Attend a 4-year public college 0.066*** 0.059*** 0.077 0.074*** 0.056**
(0.023) (0.022) (0.048) (0.022) (0.024)

N 8,879 8,298 581 8,447 7,788

Notes: This table reports 2SLS estimates for different sets of small schools. The endogenous
variable is years at small school for Regents outcomes and grade 9 small school attendance for other
outcomes. The sample is restricted to students with baseline scores and demographic characteristics.
All models include year of test, risk set dummies, demographic controls, and baseline test controls.
Robust standard errors, clustered on year and school when taking the Regents test, and by school
for the other outcomes are in parenthesis. The standard error of English in Column (3) is clustered
on the year of test. The last row reports 2SLS estimates on effects of enrollment at any small
schools in grade 9. Robust standard errors clustered at the student level are reported. *significant
at 10%; ** significant at 5%; *** significant at 1%.
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Table 2.A7: Contrasts in School Environment for Small School Compliers
from Parent Responses on NYC School Climate Surveys

Untreated Treated Rank of
Compliers (Z=0) Compliers (Z=1) Difference Difference

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

Panel A. Engagement (8 questions; Small schools rated higher on 6 out of 8)
I feel welcome in my child’s school. -0.81 0.26 1.07 Best
This year, I received helpful training on the use of student achievement data
to improve teaching and learning.

-0.39 0.07 0.46 2nd

The professional development I received this year provided me with content
support in my subject area.

-0.03 -0.08 -0.05 7th

My school offers a wide enough variety of activities or courses to keep students
engaged at my school.

0.23 -0.40 -0.63 Worst

Panel B. Safety and Respect (18 questions; Small schools rated higher on 13 out of 18)
Gang activity is a problem at my school. -0.81 0.20 1.01 Best
Crime and violence are a problem in my school. -0.97 -0.05 0.92 2nd
There is a person or program in my school to help students resolve conflicts. -0.19 -0.39 -0.20 17th
The presence and actions of School Safety Agents help to promote a safe and
respectful learning environment.

-0.07 -0.43 -0.36 Worst

Panel C. Academic Expectations (16 questions; Small schools rated higher on 15 out of 16)
Teachers in this school use student achievement data to improve instructional
decisions.

-0.71 0.11 0.82 Best

School leaders encourage collaboration among teachers. -0.77 -0.06 0.71 2nd
There is alignment across the curriculum, instruction, and assessment within
and across the grade levels at this school.

-0.46 -0.42 0.04 15th

The principal visits classrooms to observe the quality of teaching at this school. -0.22 -0.60 -0.38 Worst
Panel D. Communication (11 questions; Small schools rated higher on 10 out of 11)

School leaders communicate a clear vision for this school. -0.56 0.01 0.57 Best
My school communicates effectively with parents when students misbehave. -0.65 -0.10 0.55 2nd
School leaders give me regular and helpful feedback about my teaching. -0.35 -0.31 0.04 10th
The principal is an effective manager who makes the school run smoothly. -0.20 -0.29 -0.09 Worst

Notes: This table reports differences in school environment for small school compliers based on parent answers to School Climate Surveys from
2007 through 2009. Survey responses are standardized to mean zero and unit variance within survey year and school type, so that the typical
response is 0. For each school, we compute an average of three years weighted by the number of respondents for each question. Complier
attributes are computed following methods described in Abadie (2003), following Table 3.
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3

Neighborhood Interactions and School Choice:
Evidence from New York City

3.1 Introduction

School choice is widely implemented as a reform initiative to improve public edu-

cation in large urban districts1. With the school choice reform, families have the

freedom to choose a school that is believed to best meet their child’s needs. In 2004,

the New York City Department of Education (NYC DOE) instated a high school

choice system2, which enables each rising ninth grade student to rank up to 12 high

school in order of preference. By providing families with an opportunity to express

their preference over schooling options, the new high school choice system increases

families’ engagement and raises students’ opportunities to access schools outside of

their neighborhood. Thus, the reform advocates believe that the new system better

matches students with schools, compared with the residence-based or neighborhood

1 In the United States, several largest nationwide school districts are using the school choice to
assign children to schools, like the New York City, Chicago, Charlotte-Mechlenburg, Wake County,
Denver, San Francisco, Boston.

2 In May 2003, Alvin E. Roth was contacted by officials at the NYC DOE, for advice about their
high school admissions process. Atila Abdulkadiroglu, Parag Pathak and Alvin Roth assisted NYC
in aspects of the design of their new mechanism.
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school assignment systems3.

Although school choice is now a popular reform for various secondary and post-

secondary schooling options around the world, little is known about how families

make the school choice. Do they choose schools out of pure innate preferences or

are they influenced by others around them? As well documented in the economics

and sociology literature4, the large-scale, face-to-face social networks in which we are

embedded affect our lives in a wide variety of aspects: from happiness to obesity, from

consumption to investment and so on. As to the schooling decisions, Arcidiacono

and Nicholson (2005) and Marmaros and Sacerdote (2006) present the evidence that

the choice of college majors is affected by roommates and classmates. However,

few papers study the effects of social networks on school choice among grade school

students. A major reason is perhaps the lack of data, since grade school students

are assigned to schools by residential locations prior to the reform.

The main purpose of this paper is to examine the impact of neighbors on one’s

own high school choice in NYC. The high school choice is believed to be affected

by others not only because we are all embedded in various types of social networks,

but also because of the ex-ante uncertainty about school quality and the high cost of

switching schools. This suggests that families have the incentive to be prudent and

take advantage of all available information to make suitable choice. Neighborhood

networks provides a good source of informal information. First, families may have

difficulty in attempting to access public information. For example, in the NYC,

students have to make choice from over 900 public school programs. Although the

3 In the old system, families can express their preferences over schools through their choice of
residential location. However, only families with most resources can afford such options.

4 Grinblatt et al. (2008) and Kuhn et al. (2011) examines the impact of neighbors’ automobile
consumption on one’s own purchase. Bursztyn et al. (2012) studies the influence of neighbors’
financial investment on one’s own participation in the stock market. In their book “Connected”,
Nicholas Christakis and James H. Fowler track how a wide variety of traits, from happiness to
obesity, can spread from person to person.
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DOE publishes an annual directory of NYC high schools5, and organizes a series of

information sessions and open house events to guide parents through the admission

process, only parents with the most resources benefit from these helpful activities.

In contrast, families with much less time and resources to exploit the information

sessions may rely on easier accessible information sources6. Second, in some cases,

the most valuable information comes from experienced others rather than from the

administrative departments. Most guidance from the latter is generic and focuses

on the school programs’ curriculum or interest areas. From a student’s perspective,

much of the relevant details to be considered is not disseminated systematically. For

instance, the facts on the school safety and racial or cultural bias by school staff

are usually not publicly available. As a consequence, much of the information used

as an input to the school decision is learned through word-of-mouth communication

within their social networks.

Among one’s social networks of influence like friends, classmates, co-workers,

neighbors and more, the neighbors’ school choice is more informative because they

have more relevant information to share7. Neighbors usually have identical default

school options, the same access to mass transportation and almost the same dis-

tance from home to all accessible school programs. All these common environment

features are crucial in considering school choices. Thus, people have the incentives

5 To find information on schools, they could reference a 500-plus page school choice guide with
self-descriptions of the positive aspects of each school. However, to access objective statistics on
student achievement, parents would have to search the DOE Web site and make a comparison
school by school.

6 For example, Hastings and Weinstein (2008) find that “lower-income families face higher costs
of gathering and interpreting information may choose schools based on easier-to-determine char-
acteristics such as proximity, instead of school test scores”. Providing lower-income families with
direct information on school test scores on an one-page sheet significantly increased the fraction of
those parents choosing high-performing schools.

7 Sorensen (2006) compares the social influence among coworkers who live in the same city versus in
different cities and finds that coworkers living in the same cities have greater influence on choices of
health plans. “This is consistent with the notion that decisions of coworkers in one’s neighborhood
are more informative (or that those coworkers have more relevant information to share ...”
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to communicate with their neighbors. This motivates the current paper to associate

high school choice with neighborhood interactions.

In this paper, I use the administrative data from the NYC DOE to examine if

social interactions among immediate neighbors affect the high school choices among

eighth graders. In the terminology of Manski (1993), estimation of neighborhood

effects faces identification challenges such as endogenous sorting, common shocks

and the reflection problem. Sorting occurs when similar people tend to attract each

other and select into residential neighborhoods. Common shocks occur when peers

experience group-level unobserved shocks and are exposed to the same environment

and policies. In my context, students in a neighborhood may have identical access to

the mass transportation infrastructure and choose the same set of accessible schools,

which makes it difficult to isolate the impact of neighborhood interactions from the

impact of the similar preferences and common environment. Both sorting and un-

observed common shocks problems are the omitted variable bias issue, which may

result in the overestimate of the effects of interactions in my context. The third

issue, reflection, arises because two members of a peer group affect each other si-

multaneously, it is difficult to measure the causal effect of any single member on

another member’s behavior. As a consequence, one cannot directly attribute the

observed similarities in school choice to neighborhood peer effects because families

may have selected into that neighborhood and because the neighborhood may have

an unobserved common environment to the determinants of school choices. This is

the fundamental idea of my empirical analysis in the following sections: essentially,

if we control for similarity in the observed characteristics of students in the same

neighborhood, and also the time-invariant unobserved characteristics shared among

the group, then the degrees of excess similarity in their choices reveals the strength

of the effects of social interactions.

This paper addresses these identification challenges by novelly using the individual-
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level home address information. A great advantage of this data set is that it includes

exact home addresses and repeated observations over multiple cohorts. This allows

me to address the endogenous sorting problem in two novel ways: “distance rank”

approach and “block-by-block level variation”. First, I convert the home addresses to

location coordinates, which allow me to rank each individual’s neighbors by distance

from closest to the most distant.8 Even if people might sort at the very densely pop-

ulated area like Manhattan blocks, where there are affluent housing options within

even a small area. It is not likely that people are able to select their exact residential

location at the time of purchase or rent, which is a crucial determinant of the relative

distance to each neighbor. Thus, the formation of students’ closest ten neighbors is

roughly random conditioning on their fifty closest neighbors’ attributes.

Second, merging the location coordinates of home addresses with the 2010 census

blocks shape files, I group students into various census blocks, a small geographi-

cal area usually less than 0.01 square miles. I define students residing in the same

census blocks but not in the same household as “block peers” and students resid-

ing in different blocks but in the same census block groups as “group peers”. While

many unobserved selective attributes may affect the composition of each block group,

within that group, the formation of block peers is almost random because of the thin-

ness of the housing market.9 The same logic is also used in Bayer et al. (2008) to

study the informal hiring networks among neighbors. Both of the above identifica-

tion strategies rely crucially on the absence of correlation in unobserved traits at

a small level within a broader neighborhood reference group. I conduct a number

of robustness checks which suggest that the bias arising from sorting within these

8 Proximity increases the likelihood of interaction. Cingano and Rosolia (2012) point out that
“most existing studies define a network on the basis of residential proximity, precisely because it is
a plausible proxy for the likelihood interaction.”

9 Bayer et al. (2008) is the first paper proposing to disaggregate below the level of the neighborhood
to isolate block-level variation in neighbor attributes. In their paper, they use the block-level
variation within a block group to detect the effect of social interactions on labor market outcomes.

87



reference groups is minimal.

In addition, with the assurance of the random composition of neighborhood peer

groups, the school choices of more distant neighbors are used to control for the

common unobserved factors. Thus, I primarily use the marginal influence of the

school choice history of the ten nearest neighbors relative to that of more distant

ones to estimate the effects of social interactions. Conditional on the school choice

of distance neighbors, the excess similarity in school choice between a student and

his immediate neighbors is attributed to neighborhood interactions effects.

Finally, the construction of the peer measures constrains the reflection problem.

I define the school choice history of the elder neighbors as the average peer choice

and report its estimated coefficient as the effects of neighborhood interactions. Elder

neighbors’ past school choices are not likely to be affected a student’s current choice.

Moreover, the lack of commutativity to neighbor nearness also address the reflection

issue. In other words, student j is one of student i’s ten closest neighbors, but the

reverse might not be true. As demonstrated later in this paper, only near neighbors

have distinguishable impact on an individual’s choice. However, the probability of

an individual being one of his near neighbors’ near neighbor is less than 40 percent.

Therefore, by construction, the average peer choice has impact on one’s own choice

but not vice versa. As a result, the definition of peer measures using “the history of

elder near neighbors” effectively mitigate the reflection issue.

This paper contributes to the existing literature on school choice and social in-

teractions in several ways. First, by my best knowledge, this is the first paper asso-

ciating social interactions with the actual individual school choices of grade school

students. Second, this paper provides new evidence on the importance of neighbor-

hood referrals for education and suggests that policy makes should take into account

the correlated choice and thus the existence of social multiplier effects of helping less

informed students with school choice. Previous empirical studies on school choice are
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rare and often focus on students’ innate heterogeneous preferences over various school

attributes using the demand system estimation approach(Abdulkadiroglu et al., 2013;

Hastings et al., 2004). All these studies assume that individuals make independent

choices based on the complete information given a strategic-proof admission system.

However, given the fact that individuals have to select a limited number of schools

over hundreds of options in the NYC, the complete information assumption may

not hold. Less informed families may rely on neighborhood word-of-mouth informa-

tion to make choices. Third, instead of using the geographic boundaries to define

group-specific neighborhood peers, I convert the home addresses data to location co-

ordinates and innovatively construct the individual-specific peer groups. The unique

peer measures help tackle the identification challenges as detailed in the sections that

follow. In addition, this paper presents the heterogenous effects of social interactions

across neighborhoods with different population density, racial composition, income

distribution and more.

The reminder of the paper is organized as follows. Section 2 places this paper in

the context of the broader literature on neighborhood effects and school choice. Sec-

tion 3 describes how the neighborhood interactions could affect individuals’ school

choices. Section 4 describes the construction of neighbor peers using geographic data

as well as the high school applications data in the NYC. Section 5 presents my empir-

ical design and provides evidence to validate my identification assumptions. Section

6 describes several ongoing methods to further address additional issues related to

the identification and examine the differential effects across various neighborhood or

student types. The empirical findings are reported in Section 7. Section 8 concludes

the paper.
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3.2 Relation to Existing Literature

My paper relates to the broad literature on social interactions and school choice.

There is substantial empirical literature on social interactions and school choice, re-

spectively. The existing literature on social interactions has found that neighbors

could affect individuals’ a wide range of behaviors: automobile consumption (Grin-

blatt et al., 2008; Kuhn et al., 2011), the labor market choice and outcomes (Bayer

et al., 2008), taking maternity and paternity leave (Aizer and Currie, 2010; Dahl

et al., 2012), financial investment decisions (Bursztyn et al., 2012), medicare choice

plan (Abaluck and Gruber, 2011) and secondary school enrollment decisions (Bobonis

and Finan, 2009; Lalive and Cattaneo, 2009).

Identifying the effects of social interactions are subject to empirical challenges

(Manski, 1993). Of the principal importance is the endogenous sorting problem. The

existing literature has tried several approaches to overcome the challenges inherent

in estimating social interactions. An important line of research in this literature re-

lies on a random composition of peer groups induced by specific social experiments.

These studies are both convincing and important. However, random experiments

cannot answer questions about social interactions in naturally occurring, self-chosen

peer groups. This distinction is particularly important in my context, where a key

question is whether the endogenously-formed neighborhood (which are usually racial

segregated) interactions would lead to similarity in school choices. Moreover, as

shown in Carrell et al. (2012), endogenous sorting is persistent. Even when individ-

uals are randomly assigned to a neighborhood like in the Moving to Opportunity

(MTO) programs, it is possible that people tend to self-select themselves into more

homogeneous subgroups.

The precise location information of my data allows me to use novel ways to

identify social interaction effects in the presence of residence sorting issue. Taking
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advantage of the fact that people are not likely to sort in a tiny geographical area

(such as block level and the composition of immediate neighbors), I implements

approaches to tackle the endogenous sorting as well as other identification issues.

Thus, my paper offers a complementary approach to the existing literature studying

on neighborhood effects.

This paper also contributes to the empirical literature on school choices. Most

school choice literature focus on estimating students’ heterogenous preferences over

different school attributes (Hastings et al., 2004; Fu, 2011). However, if preferences do

matter for school choices, how do students’ preferences form? Are they influenced by

their networks of influence? As only few papers in the literature associate individuals’

school choice with the impact of their social networks. Arcidiacono and Nicholson

(2005) is one of the few exceptions. Using the data of students graduating from US

medical schools between 1996 and 1998, they find that students’ speciality choice

is affected by their classmates’ preferences. Sacerdote (2001) studies the residential

peer effects on academic performance and choice of college major among randomly

assigned roommates and dorm mates. He finds that residential peers have impact on

one’s own academic performance but no impact on choice of college major. Both of

these studies focus on the peer effects on school choice among college and graduate

students. However, most papers on adolescents and grade school children examine

the impact of social interactions on detrimental behavior, such as drug and alcohol

use, pregnancy and criminal activities.

The lack of studies on the school choice of grade school children is partly caused

by the fact that most districts in US using residence-based system to assign students.

People seldom have freedom to choose public secondary schools. However, in the past

decades, school choice among public secondary schools are becoming popular and now

being implemented in many US large urban districts. It is important to understand

whether the effects of social interactions also work in the process of secondary school
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choice. By my best knowledge, this paper is the first attempt in this respect.

3.3 Neighborhood Effect Channels

To clarify the nature of the neighborhood effects I estimate, in this section I explore

possible mechanisms through which the choice of neighborhood peers may affect an

individual’s own choice.

The first possible channel is sharing of information. As with other experience

goods, the quality of a school is hard to know ex ante, and making a wrong choice can

be costly, especially because the costs of switching schools can be high. This suggests

that individuals often have incentives to learn from their interpersonal networks

before making decisions. One influential social networks on school choice is the

neighborhood residents, since people residing in the same community are most likely

to have the same set of options and face similar constraints.

Besides of direct communication, families may also learn by observing their neigh-

bors’ choices and consequential choice outcomes. This process is called as social

learning.

In addition to the social learning process, students in the same neighborhood

may also rank same schools out of common interest or social utility, which refers to

the situation where neighbors’ school choices affect one’s own utility in my context.

This could happen due to competitive spirit or contagious enthusiasm. Families

want to attend schools where their neighbors study in order to avoid falling behind.

Also, peers study together can follow and discuss school news together, track their

performance together, car pool to school, etc. The social utility channel of peers

making same choices are validated in the literature.

“... when a child goes to school, the benefit to their friends of attending also

goes up (Lalive and Cattaneo, 2009; Duflo and Saez, 2010); and when an employee

attends an information session for a cash incentive, untreated colleagues in the same
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peer group now have someone to attend the seminar with (Duflo and Saez, 2003) ...”

To sum up, neighborhood interactions could affect school decision-making because

of social learning and social utility. “Peer influence can occur if individuals react to

the mean of group behavior, follow group leaders or adopt a group norm. Regardless

of exactly how peer influence occurs, we expect that the neighborhood interactions

will lead immediate neighbors to become more similar than distant neighbors.” If

neighborhood networks do effect one’s own choices, in equilibrium we can expect

that individuals are more likely to rank and accept offers from schools which their

neighbors choose.

3.4 Data and Background

The analysis of this paper is based on administrative data from the New York City

Department of Education (NYC DOE). The NYC public school system provides an

ideal empirical setting for studying the impact of social interactions on school choices.

As the largest school system in the United States, the NYC schools include students

of different backgrounds, who live in various areas of the city. The variation in demo-

graphic and geographical compositions allows this paper to study the heterogenous

effects across ethnic groups and neighborhoods of different population density.

Second, the NYC high school choice system is comprehensive, where families can

apply to any school in the district and do not have a default school. If a student

wishes to attend a public high school, he or she must apply by submitting an appli-

cation to become part of the admissions process. Even if a student plans to attend

a local school 10, he or she must rank that school in the application form. Also, the

school choice system is strategy-proof, and thus the dominant strategy is to rank

schools in order of true preference. This is mathematically correct and also widely

10 Local schools also called as “zoned” schools are those programs which provide admission priority
to students living in the school’s district. In NYC, not every school district has local schools. For
example, in Manhattan, there are no local schools.
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advertised to the parents and students. Thus, I have reliable demand data to use.

Third, as the most densely populated urban area, there are on average 27,012

people per square mile11 and the typical city block is around 0.01 square mile12.

Therefore, it is highly likely that neighbors interact with each other in such dense

areas.

School Choice Data

The administrative data sets include each student’s preference list of high schools,

their priority in those ranked schools, offer status and final assignment, as well as

each school’s admission type13, available seats and total number of applicants.

Each year, around 90,000 eighth graders and thousands of ninth graders, who

are either entering high school or wish to transfer to another school for tenth grade,

participate in the high school admissions process. Given that ninth graders submit-

ting applications for transferring are different from the average eighth graders who

make school choice for the first time, I only keep applicants from the eighth grade.

Similarly, I also remove students applying from the private middle schools, and stu-

dents who choose to opt out the public school system. Finally, I exclude LEP and

SPED students as these students only submit applications to schools with access to

particular services.

My working sample consists of 297,656 students who ever applied to the city

public schools from the school year 2003-04 14 through 2006-07.

11 Source: The numbers are from the 2010 Census Data report.

12 According to the Manhattan wikipedia, “the numbered streets in Manhattan run east-west,
and are 60 feet (18 m) wide, with about 200 feet (61 m) between each pair of streets. With each
combined street and block adding up to about 260 feet (79 m), there are almost exactly 20 blocks
per mile. The typical block in Manhattan is 250 by 600 feet (180 m).”

13 As summarized in the DOE web page, there are seven different admission methods among all
high school programs. http://schools.nyc.gov/ChoicesEnrollment/High/Admissions/default.htm

14 Parents used to game the school choice system. With the introduction of a new admission system
(Abdulkadiroglu and Sonmez, 2003), parents could rank schools in order of true preference without
hurting the probability of being admitted. The year 2003-04 is the first year when the new system
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In addition to the application records, the DOE data also provides a wide range

of students’ background characteristics: date of birth, gender, race, home language,

free lunch and special education status, middle schools where students applied from,

zoned high schools and academic records from primary schools till high school grad-

uation. Table 1 gives summary statistics for the variables used in the later analysis.

On average, students’ attributes are relatively stable across years. In each year, there

are more than 70,000 eighth graders in my sample. Girls roughly account for half of

the sample size in all four years because of my huge sample size. Consistent with the

city population 15, Black and Hispanic students compose the majority of the public

school applicants. About 35% of applicants are Black and 40% are Hispanic. Free

or reduced price lunch is used as an indicator of the family income level. Over 60%

of students are qualified for receiving subsidized lunch.

Although students are allowed to rank up to 12 schools, only few of them take the

full quota. From table 1, we can see that on average students rank about 8 schools in

the main Round. The NYC admission system is efficient, where about 40% students

are matched with their first choice, 60% matched with top three choices and 70-80%

matched with their top five choices. And these matching rates are improving over

years.

To help parents and students make choice of their preferred schools, the NYC

DOE publishes an annual High School Directory, which provides a one-page infor-

mation sheet for each school16 on basic school characteristics: admission methods,

interest areas, extracurricular activities, admission priority, number of available seats.

As we can see, the information sheet is generic. It is difficult to single out schools

was implemented.

15 According to the NYC DOE Wiki, “In 2007, Hispanics and Latino students made up 39.4% of the
student population. African Americans made up 32.2% of the student population. White American
and Asian American students made up 14.2% and 13.7% of the student populace respectively. Native
Americans made up the remaining 0.4% of the student body.”

16 I attach the information sheet for the year 2012-2013 in the Appendix part of this paper.
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based on the directories only. Neighborhood peers may represent a source of useful

information about some hard-to-see features of school life and/or school choice.

Geographic Data and Neighborhood Peers

The application data set also records students’ home address when applying to

high schools. I convert the home addresses to the longitude and latitude. Based on

the longitude and latitude data at the individual level, I construct my neighborhood

peers and their reference groups in two ways. First, I compute the distance between

any two students’ homes and define one’s ten closest neighbors as his neighborhood

peers, while the next closest neighbors (i.e., the 11th to 50th closest neighbors)

as his reference group. As I will demonstrate later, neighborhood interactions decay

quickly over distance. Peers ranked as the first through tenth nearest in geographical

proximity have the distinguishable influence on one’s own school choice. Therefore,

I construct the neighborhood peers using this set of immediate neighbors.

Second, mapping with the 2010 census data, I find the census blocks and block

groups where students are residing in. An alternative definition of neighborhood

peers and reference groups is based on census block and block groups.

A census block is the smallest geographic unit used by the Census Bureau to

collect and tabulate the 100-percent data. In cities, a census block is approximately

the size of a city block. In the NYC, there are 29,486 census blocks and the average

area of blocks is 0.01 square mile. I use “block group”, the second smallest census ge-

ographic concept which consists of census blocks, to define a neighborhood reference

group. My sample consists of 25,016 blocks and 5,548 block groups. On average, 5

blocks make up a block group.17

Figure 3 plots the distribution of the number of blocks per block group for the

17 However, the block density varies across different boroughs. In Manhattan, the most densely
populated urban area, a block group on average consists of 2 blocks and the average number of
applicants per block is 15. In contrast, in the most sparsely populated borough - Staten Island, on
average, there are 15 blocks per block group and 3 applicants per block.
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whole sample; where the median number of blocks per block group is 5, and about 90

percent of all block groups have 10 blocks or fewer. Figure 4 displays the distribution

of the number of high school applicants across census blocks in the NYC from the year

2004 through 2007, which shows a substantial variation in neighborhood peer group

size. Some blocks have no public high school applicants at all. These blocks may be

commercial area with sparse or no high school-age children. The mean and maximum

block size are 5 and 258. The variation in population density across boroughs allows

me to examine the strength of neighborhood interactions over population density.

More importantly, the variation can be used to validate the existence of neighborhood

interactions.

Both definitions of neighborhood peers are meant to capture the network in which

students or parents interact socially. The underlying assumption is that neighbor-

hood interactions occur between immediate neighbors. This assumption is consistent

with a well-established literature in sociology and economics that a significant por-

tion of interactions with neighbors are very local. For example, Lee and Campbell

(1999) use data from a 1988 survey of Nashville to examine social interactions among

near neighbors, and find that residents would turn to their immediate neighbors for

help in finding a job. Grinblatt et al. (2008) use a data set with individual consumers’

exact home coordinates to construct peers as their ten nearest neighbors. In their

paper, they find that the car consumption of neighbors, who are geographically most

proximate, influence a consumer’s own purchase of automobiles. Using block-level

Census data on residential and employment locations, Bayer et al. (2008) define the

neighborhood peer group as neighbors residing in the same block and find that work-

ers residing in the same census block are more likely to work together than those in

nearby blocks. Consistent with the literature, my definitions of neighborhood peer

groups focus on near neighbors. It is possible that students or parents may interact

at a broader geographical area. Thus, our estimates of neighbor effects provides a
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lower bound of the neighborhood social interactions.

The precise geographical information for each individual provides me with nu-

merous advantages. Although an individual is able to self select their preferred

neighborhood, it is less likely that he or she could exactly select who would be the

ten nearest neighbors among the fifty nearest neighbors because of the thinness of

the housing market. Thus, the composition of nearest versus next nearest neighbors

within a small geographical area is roughly random.

In addition, students’ nearest neighbors may only partially overlapped - even if

individual j is one of i′s closest neighbors, the reverse need not be true. This is

as much the case when the distances between such neighbors are extremely small

(implying high-density buildings, for example, in Manhattan18) as in settings where

the distances that separate neighbors are great (e.g. as in Staten Island). As I will

shortly demonstrate, the nature of this data along with the repeated cross-sectional

observations help address challenges of prior studies on group effects.

3.5 Empirical Framework and Identification Strategies

With the simple assumption that people communicate with their immediate neigh-

bors, one may observe correlation in school choices across students within a small

neighborhood. Figure 1 illustrates the similarity of school choice among neighbors,

by graphing the fraction of students ranking identical schools at a certain distance

rank interval. The choice similarity is measured in one of the following ways: (1)

ranking the same school as a first choice; (2) ranking at least one identical school

among top three choices; (3) ranking at least one identical school among top five

choices; (4) ranking at least one identical school among all choices; (5) the number

of overlapped schools among all choices and (6) the indicator of attending the same

18 For example, the ten nearest neighbors of individual j could be students residing on the same
floor of a building; while the ten nearest neighbors of individual i living downstairs could be his
same floor peers plus individual j.
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school. If each neighbor has the same influence, no matter how distant the neighbor,

we would see a flat line. Obviously, Figure 1 suggests that they are not. The prob-

ability of making similar choices for the nearest neighbors, graphed closest to the

origin, are substantially larger than those found elsewhere in the graph. Each of the

lines in the six subplots decline as the neighbors become more distant. This pattern

is inconsistent with any story which tries to explain the presence of correlated effects

using common unobservable shocks. If the effects of neighborhood interactions on

school choice are driven by common unobserved heterogeneity, the ten coefficients

would be identical and thus we would expect to see a flat line. Obviously, Figure 1

suggests that they are not. The coefficients for the nearest neighbors graphed closest

to the origin are remarkably larger than the coefficients for more distant neighbors.

These results indicate that the peer effect is concentrated among those living closest

to each individual rather than neighbors residing further away.

Figure 1 suggests that there is an effect from the broader community, which does

not comes to zero as distance increases beyond the tenth nearest neighbor. The

existence of this “baseline” effect could be due to an omitted variable bias that

overstates the neighborhood effect even for the ten nearest neighbors. For example,

students residing in the same broad community may rank identical schools due to

access to public transportation. Therefore, this baseline effect must be removed to

get the pure effects of immediate neighbor interactions.

Figure 2 plots the actual distance in meters from one’s own home to his neighbor’s

home over distance rank intervals. The average distance of a student to a near

neighbor is 13 meters, while the average distance to a distant neighbor is 95 meters.

Within a small geographic area, the near and distant neighbors plausibly share the

same neighborhood. Moveover, as the housing market is thin and it is not likely

students sort themselves further at an even smaller level. Thus, the composition of

near neighbors is as good as random. I will present formal tests to better document
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the absence of self-selection of peer groups in the empirical strategy part.

3.5.1 Choice Similarity

Moving beyond basic correlations, this paper aims to understand how school choice by

neighbors arising from their specific idiosyncratic preferences alter choice propensity

among very near neighbors. As a starting point, I first examine if nearest neighbors

are more likely to rank same schools using the following framework:

Sij = ρg + α0R
10
ij + εij (1)

Here, observation is a pair of students (i, j)19 and j is one of i′s fifty closest

neighbors, excluding those residing in the same household as i.

I use multiple dimensions to measure the similarity in school choices between

individual i and j. In other words, Sij can be one of the following variables:

• an indicator, which equals to 1 if i and j rank the same school as their first

choice

• an indicator, which equals to 1 if i and j rank at least one identical program

in their top three choices

• an indicator, which equals to 1 if i and j rank at least one identical program

in their top five choices

• an indicator, which equals to 1 if i and j rank at least one identical program

among all their choices

• the number of identical schools ranked by both i and j

19 Suppose that individual j is one of i′s closest neighbors. Suppose that individual i is also one of
j′s closest neighbors. Then, I have two observations in the paired data (i, j) and (j, i). Duplicates
of permutations are not removed.
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• an indicator, which equals to 1 if i and j attend the same school

As described in the Data section, over 80% of applicants are matched with their

top five choices. Given the high matching rate, it is likely that students may rank

their top choices out of serious consideration. Thus the existence of overlapping

schools of top choices among neighbors is not fully generated by chance. Rather, the

overlapping to some extent reflect the existence of social interactions.

R10
ij is a residence indicator with value one if j is among student i’s ten nearest

neighbors. ρg denotes the residential reference group fixed effects. The estimation

results of neighborhood effects α0 from equation (1) is reported in table 3. Loosely

speaking, according to table 3, the estimation results of equation (1) predict that,

among the fifty close neighbors, individuals are more likely to rank identical schools

as their ten nearest neighbors.

How can we be sure that α0 correctly measures the neighborhood effects20? As

discussed in the introduction part, the identification of social interaction effects are

subject to challenges of two dimensions: simultaneity and endogeneity. The simul-

taneity problem is also known as the “reflection problem” (Manski, 1993), which

arises when we study the impact of group average on an individual’s actions. Since

in a peer group individuals affect each other, it is hard to tell if one’s actions are

the cause or the effect of peers’ actions. While addressing the refection concern is

necessary in my later analysis, however, it is not a concern in the regression analysis

20 The error terms in my regressions are likely to be cross-sectionally correlated, making it very
difficult to compute appropriate standard errors. In fact, suppose that individual j is one of i′s
ten closest neighbors. Suppose that k is one of j′s ten closest neighbors. Then, it is possible
that individual k might also be i′s close neighbor. Therefore, our estimation of standard errors
should take into account this correlation structure among error terms. To address this issue, I
implement three different correlation structures by allowing for clustering at the appropriate level:
(1) at the reference group-application cohort level; (2) at the application cohort level; (3) using the
two-way clustering scheme with reference group as one level and the application cohort as the other
level. Bayer et al. (2008) also considers the issue of computing appropriate standard errors for the
correlated variance-covariance matrix. In the paper, they estimate standard errors using a pairwise
bootstrap with HC3 correlation and with a wild bootstrap.
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using equation (1). Here, the unit observation is a pair of individuals, the dependent

variable reflects a joint outcome for them, and further the identification of social ef-

fects does not rely on the use of group averages, but rather on the variation in choices

between different geographic distance intervals. Therefore, the reflection problem is

irrelevant with my current framework.

A more troublesome identification problem is the endogeneity issue, which may

arise for at least two reasons. First, individuals usually have some freedom to self

choose their peers and second, common unobserved shocks may affect the actions of

all the members in the peer group. As a consequence, we cannot simply attribute

the observed similarity in school choice among neighbors to social effects.

When interpreting α0 as a social interaction effect, we are implicitly making two

identification assumptions.

• Assumption 1: while individuals are able to choose their residential neighbor-

hood (reference group), there is no correlation in unobserved factors affecting

school choice among immediate neighbors.

• Assumption 2: Neighborhood interactions are very local in nature.

The first assumption seems plausible because our peer groups (immediate neigh-

bors) and reference groups (fifty closest neighbors) are constructed with a small

geographic area. For example, in Manhattan, the average distance of a student to

a near neighbor is 13 meters, while the average distance to a distant neighbor is 95

meters. Within a small geographic area, the near and distant neighbors plausibly

share the same neighborhood. Also, individuals may have a sense of the socioe-

conomic structure of the overall neighborhood. It may be difficult to identify the

difference between near and next near neighbors at the time of purchasing or renting

the housing unit. Further, the housing market is relatively thin at a particular time
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point within a small geographic area. Thus, households are not able to choose either

the exact location or the composition of closest neighbors.

I also verify the above assumption empirically. To test the first key assumption

that the composition of ten closest neighbors is as good as random within the ref-

erence group, the typical test is an OLS regression of individual i′s pre-determined

characteristics on the average characteristics of i′s peers, conditional on any variable

on which randomization was conditioned. In our case, this regression would be of

the form:

xi,j10 = π1 + π2x−i,j10 + ρj50 + εi,j10 (2)

Here, student i is one of the ten nearest neighbors of j. x−i,j10 is the peer average

attributes of j′s ten closest neighbors excluding i. ρj50 is the reference group (j′s

fifty closest neighbors) fixed effect. The argument is that if the composition of peers

is random, or if selection into peer groups is negligible, then π2 should be zero.

However, Guryan et al. (2009) point out that the OLS estimate of π2 will be

negative even peers and outcomes are randomly generated. The problem stems from

the fact that each individual is counted as a peer for all the others in the same

peer group, but not for himself. For example, the peers for individuals with high

baseline scores are chosen from a group with a slightly lower mean score than the

peers for low-achieving individuals. To avoid such mechanical negative correlation,

Guryan et al. (2009) suggest including the mean characteristics of all individuals

in the reference group excluding i - x−i,j50 as a regressor in equation (2) (GKN

correction method). GKN method requires that the population size differs across

reference groups (otherwise, OLS estimators will always yield π2 = 0). However, the

reference group size is always fifty by construction. Therefore, GKN method is not

applicable to my setting.

I thus examine the correlation between observable individual and near neighbor

103



characteristics using the random sampling approach(Bayer et al., 2008). For each

individual j, a single peer is randomly selected from j′s ten closest neighbors, and

the attributes of the left nine near neighbors are used to construct a measure of aver-

age neighbor attributes. Table 2 reports the average correlations for predetermined

demographics and baseline test scores. Column 1 reports unconditional correlations,

where the results indicate a significant amount of sorting on the basis of gender, race,

family income and baseline scores. Most outstanding sorting happens along the race

line. For example, the correlation between whether an individual is black and the

fraction of black neighbors is 0.661. The significant correlation between individual

race and the fraction of peer neighbors (ten closest neighbors) of same race is also

found for all other racial groups. This is consistent with a well-documented literature

of residential segregation. However, the correlations in predetermined characteristics

are greatly reduced once the reference group (fifty closest neighbors) fixed effects are

controlled. As can be seen in column 3, the correlation in race is now ranging from

0.073 to 0.081, roughly one eighth of the original correlation without reference group

fixed effects. It is expected that the conditional correlation will reduce further once

the ethnicity is controlled for.

As a robustness check, I also test if new movers self sort into different small

neighbors. Column 5 and 7 report the results for new comers (students moving to

the NYC within twelve months or 24 months before participating in the public school

choice system). Column 5 further confirms the sorting along race line for new movers.

However, there is no sorting on the basis of neighbors’ academic performance. This

evidence is compelling for our identification strategy because a number of these

attributes, such as residents’ race or the presence or the proportion of economically

disadvantaged families, would be the most observable attributes at the time of moving

into a new community. However, there is no sorting on the hard-to-see neighborhood

features.
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Heterogenous models and check βXij

While the correlation estimates in table 3 are small once the reference group fixed

effects are controlled, they are not identically zero. To study if the remaining sorting

on the basis of observables significantly contribute to the choice similarity among

near neighbors, I include a set of observable covariates Xij that describes the pair

of individuals as well as their interaction terms with the residence indicator R10
ij in

equation (1).

Sij = ρg + α0R
10
ij + βXij + α′1XijR

10
ij + εij (3)

In the heterogenous specification of equation (3), once β is estimated, I can

compute the expected propensity (the mean value) of ranking same schools among

nearby neighbors (ρg + α0 + βXij + α′1Xij) with the expected propensity (the mean

value) of ranking same schools among distant pairs (ρg + βXij).

On top of the reference group level fixed effects ρg, the predicted propensity for

student i and one of his nearest neighbors ranking identical schools (the mean value

of α0 +βXij +α′1Xij) is 0.789 percent. This is 0.05 percentage points lower than the

predicted probability for student i and one of his distant neighbors ranking identical

schools (the mean value of βXij). This evidence implies that the remaining sorting

on observables among near neighbors does not increase the predicted propensity for

students on the same block to rank the same schools. Thus, the predicted neighbor-

hood effects are not likely to be driven by the sorting on observables.

This heterogeneous specification is also used later on to investigate whether the

social interaction effect is weaker or stronger for specific socio-demographic char-

acteristics of the matched pair, as well as used to measure how big are the social

effects.
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3.5.2 Choice Outcomes

Given the evidence of neighbors’ impact on one’s own school choice, it raises an

important question about whether information sharing or social learning among near

neighbors are beneficial? On one hand, information sharing can clearly increase

welfare when the shared information enables individuals to make better decisions.

On the other hand, social learning could also lead peers to cluster on suboptimal

choices due to erroneous information.

The NYC DOE data set provides the matched outcomes for each student: the

final assignment of each student, a variety of school characteristics and each student’s

performance during the high school period. This facilitates our analysis of whether

neighborhood interactions improve one’s own school choice outcomes.

To estimate the impact of neighborhood effects on choice outcomes, I assume

a linear-in-means model as in equation (4), where an individual’s choice outcome

depends on the leave-out mean for the members in the near-neighbor group. In this

part, I study whether the choice experience from the nearest neighbor affect one’s

own choice outcomes. Choice outcomes are measured in the following ways:

• Probability of being matched with the first choice

• Probability of being matched with a top 3 choice

• Probability of being matched with a top 5 choice

• Number of invalid applications submitted

Equation (4) estimate the peer effects in which own choice outcomes depend on

the near neighbors’ outcomes. Student i’s choices may be affected by the average

choices of his neighborhood peers yGi
, by his family socioeconomic background xi,

by the average socioeconomic background of the group XGi
. For simplicity, I include

only one attribute of the family socioeconomic background for illustration.
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yi = α0 + βyGi
+ γXGi

+ δxi + ui (4)

Here, β captures the endogenous effect, δ is the individual effect, γ measures the

exogenous effect (or contextual effects in Manski’s terminology), and αG indicates

the correlated effects. This model is under identified that we cannot separate the

endogenous effects from the exogenous effects. This can be seen by simply averaging

equation (4) over groups, that yGi
is a linear combination of XGi

.

yGi
=

α0

1− β
+ (

γ + δ

1− β
)XGi

(5)

As a result, following one popular approach in the literature, I use equation (6) to

estimate a composite parameter that incorporates both endogenous and exogenous

effects without attempting to separate the two. Moreover, given the randomness

and the relatively large size of the peer groups, I have very little variation in XGi
.

Therefore, we cannot identify γ and the constant separately in equation (4). This

means that β in equation (6) captures the peer effects stemming both from peers’

backgrounds and from their current outcomes(Manski, 1993).

yit = α0 + βyGit
+ δxit + uit (6)

As discussed above and widely documented in the literature, the peer effect es-

timate of β is likely biased because of selection into peer groups, the presence of

correlated effects and the reflection problem. Suppose, the general error term uit in

equation (6) is of the following form:

uit = µi + θG + εit (7)

where µi is an individual fixed effect, θG is a group fixed effect (e.g., access to

public transformation, distance to schools), and εit is an independently identically
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distributed random error. Substituting equation (7) into (6), it is easy to see that

there are two types of endogeneity issues arising from the individual effect µi and

the group effect θG.

In my setting, the random composition of near neighbors rules out the estimation

bias from the correlation between the individual effect and any endogenous effect yGit
.

However, even if we assume away the sorting issue, the unobservable group effect still

could lead to an biased estimation for the endogenous effect β. This is the “correlated

effects” in Manski’s terminology (Manski, 1993).

Correlated Effects

Correlated effects refer to the situation where common unobserved shocks at the

group level affect individuals and their peer groups simultaneously. For example, an

individual an his close neighbors may choose the identical school because it is the

only school within walking distance to their homes. This problem could overestimate

our endogenous effect β.

I eliminate these biases by instrumenting for the average choice outcome for near

neighbor peers with the difference between older near and distant neighbor peers.

To put it formally, I use (yGi1−10,t−1
− yGi11−50,t−1

) as an instrument for yGit
. Here, i

is an individual student in our sample. t is the application cohort, i.e, the year of

making school choice. Git is the set of i′s fifty closest neighbors. i1−10 is the set of

i′s ten closest neighbors. i11−50 is the set of i′s eleventh to fiftieth closest neighbors.

(yGi1−10,t−1
− yGi11−50,t−1

) can be viewed as the difference between the average less

the expected choice outcomes for the ten nearest neighbors, where “the expected

choice outcomes” is computed using neighbors ranked 11th through 50th in nearness

to the student i. Subtracting this expected outcome controls for omitted common

attributes shared by residents of both the near and distant neighbors that influence

school choice outcomes.

Thus, the identifying assumption is that, after controlling for demographic char-
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acteristics of the student and fixed neighborhood unobserved effects, the difference

between actual and expected outcomes for near elder neighbors submitting school

choice in previous years is uncorrelated with the student’s current choice outcome

other than through peer effects. As demonstrated in the choice similarity section,

this identification assumption is valid.

Reflection problem

Reflection arises because in a peer group everyone’s behavior affects the others

and, as in a mirror reflection, it is not clear if one’s actions are the cause or the effect

of peers’ actions(Manski, 1993). While various econometric strategies have been

proposed for handling the reflection problem in social effects models, the data set

in this paper offers a natural way to circumvent the potential problems: identifying

peer effects using the partially overlapped peer groups(Giorgi et al., 2010).

In my framework peer groups are defined as one’s ten closest neighbors, which

are individual-specific. This feature guarantees the existence of excluded peers, i.e.,

students who are not i’s ten closest neighbors but are among the ten nearest neighbors

of one of i’s ten closest neighbors. The existence of the excluded peers generates

within-groups variation in yGit
. This variation makes the structure parameters α, β

and δ are well identified (actually over-identified). In other words, endogenous effects

can be distinguished from exogenous effects or from correlated effects.

Moreover, the reflection from the subject to the neighborhood is negligible with

my IV estimation framework for two reasons: First, (yGi1−10,t−1
− yGi11−50,t−1

) are

defined on the past outcomes. It would be difficult to credibly claim that a student’s

current choice outcome influenced his older neighbors’ choice outcomes several years

ago. Second, the nearest neighbors methodology measures peer average outcomes as

the difference between the near and distant neighbors. The feedback to the difference

in near and distant neighbors’ choices are likely to be far smaller than the effect of

the difference on the subject. This is because of a lack of commutativity in the
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nearest neighbors relationship, as discussed earlier.

Table 5 presents the results of testing the validity of the instrument approach.

First, I test that there is no correlation between (yGi1−10,t−1
− yGi11−50,t−1

) and uit.

As uit is not observable, I instead compute the correlation between the set of ob-

servable characteristics xit and (yGi1−10,t−1
− yGi11−50,t−1

). As an added measure of

assurance, I also demonstrate that the individual’s choice outcome is uncorrelated

with any difference in the average observable characteristics between near and dis-

tant neighborhoods. Finally, as I demonstrates later, the heterogenous social effects

over different groups of students, are inconsistent with any plausible explanation for

my results based on an omitted variable bias.

Outcome-based Social Influence Only positive returns are related to entry. Neigh-

bors’ stories of positive outcomes from stock market investing make people more likely

to enter the market(Kaustia and Knupfer, 2012). “Sacerdote(2001) and Zimmerman

(2003) show that the performance of a randomly assigned roommate positively af-

fects academic performance in college. One interpretation of this result is that being

assigned to a high-achieving roommate helps one emulate good study practices.”

3.6 Robustness

3.6.1 Alternative Definition of Neighborhood Peers

As described above, my empirical design relies crucially on the assumption that social

interactions are especially strong among immediate neighbors, whereas households

are able to choose a broader neighborhood only at the time of the location decision,

because of the thinness of the housing market. While on average students are more

likely to be influenced by his ten closest neighbors as shown in Figure 1, the interac-

tion effects could vary across areas with different population density. For example,

in Manhattan, the most densely populated area in the city, there could be more than

hundreds of students in a city block (i.e., an area smaller than 0.01 square miles). It
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is highly possible that social interactions are not limited to the ten closest neighbors.

In contrast, in the sparsely populated areas, the distance from a student to his tenth

closest neighborhood peer could be one mile. Thus the social interactions among

these a student and his tenth closest neighbor is not plausible. Thus, the definition

of neighborhoods peers is important to my estimates of neighborhood interaction

effects. Figure 3 and 4 shows the distribution of number of blocks per block group

and the distribution of block size, respectively. Large variation in the distributions

is observed across different boroughs. In Manhattan, the most densely populated

borough of NYC, on average a block group consists of two blocks and each block has

an average of 15 students. In Staten Island, the sparsely populated area, a block

group has about 15 blocks and each block includes around 5 students. However, the

overall NYC sample has an average of 5 blocks in a block group and a block has

about 10 students on average. These numbers are consistent with our definition of

neighbor peers using the distance rank approach, where I define ten closest neighbors

as peers and the fifty closest neighbors as the reference group.

Alternatively, I define neighborhood peers as those living in the same census

block but not in the same household 21 and the reference group as those living in

the same block group but not in the same household. By exploiting the block-

by-block variation within the same block group, I identify if students residing in

the same block are more likely to rank identical schools compared with students

in nearby blocks. Table A1 presents the evidence of social interactions using this

alternative definition of neighbor peers. Here, having one additional block peer

ranking school X will increase one’s own probability of ranking school X by 0.4

percent. This effect is smaller than my results in table 3 using the distance rank

21 A census block is the smallest geographic unit and a block group is the second smallest one.
On average, a census block has 39 blocks but there are variations. In cities, a census block is the
city block. Census blocks are typically defined by physical features like roads or rivers, and other
boundaries such as city limits or property lines.
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approach. Much of this decreased propensity comes from the definition of peer

groups. By construction, students living at different corners of a block are in the

same peer group; while students across streets are in different blocks within the same

reference group. However, if students tend to interact with peers across streets rather

than those at another corner of the block, then our definition of peers using census

blocks would underestimate the effects of social interactions.

The identification assumption is that there is no further sorting at the block

level within block groups. Table A2 provides an indirect evidence of this assumption

by testing the correlation in predetermined characteristics between individual and

peer average values. As before, there is sorting along the race line, but not on the

relatively hard-to-see neighborhood features.

Individual Fixed Effects

To further assess concerns about sorting on the basis of unobserved individual

characteristics, I also include the individual fixed effects for each pair instead of the

reference group fixed effects. As each student appears multiple times in our sample

of pairs, I can estimate

Sij = λi + λj + α0R
b
ij + εij (8)

Sij and Rb
ij are defined as before, which are school and residence indicators, re-

spectively. i and j are a pair of student living in the same census block group but

not in the same household. Rb
ij is an indicator of residing in the same block. λi

and λj represent individual fixed effects22. The inclusion of individual fixed effects

in equation (8) allows me to deal to some degree with block-level sorting on the

basis of unobserved attributes. In particular, if certain students were more likely to

attend same schools with other neighbors for unobserved reasons and these house-

22 The individual fixed effects model is estimated using a differencing approach as described in
footnote 24 of Bayer et al. (2008).
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holds tended to sort themselves onto similar blocks within the neighborhood reference

group, our baseline model (1) would mistakenly attribute their increased propensity

to rank identical schools to the fact that they live on the same block. As can be

seen in table A3, the inclusion of individual fixed effects has little impact on the esti-

mates of α0, which further confirms the existence of overall social interaction effects

on choice similarity.

3.6.2 Differential Effects and Neighborhood Heterogeneity

While the analysis of correlation between observable immediate neighbor character-

istics provides the assurance of the plausibility of the assumption, I also consider the

robustness of my results to alternative samples designed to isolate those reference

groups that are most homogeneous along a number of dimensions including popula-

tion density, race and income deciles. In addition, this paper also examines if the

effects of social interactions vary across different types of students.

Population Density

In the main specifications, the strength of the social effect is de facto scaled to be

independent of peer group size. Given that the population density across different

areas of the NYC vary considerably in size, an interesting question is whether the

impact of neighbors vary over the population density. Some previous work finds

that the social interaction effect is increasing in population density(Bayer et al.,

2008). While others find that residents, especially in large buildings, do not generally

communicate with every one of their neighbors23. Given the neighborhoods in the

23 The literature on the social effects of differential peer group sizes is mixed. Glaeser and Sacerdote
(2000) show that individuals in more dense housing structures are much more likely to interact with
their neighbors. Bayer et al. (2009) examine whether peers interact differently within large versus
small correctional facilities and find that the effects within smallest facilities are quite comparable
to the results for the whole sample. Moretti (2011) studies the effects of social learning between
peers on the consumption of movies and finds that social learning should be stronger for consumers
who have a larger social network since these consumers receive more precise feedback from their
peers than consumers with small social networks. However, in studying neighbors’ impact on the
automobile consumption, Grinblatt et al. (2008) finds that neighborhood influence varies inversely
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NYC vary considerably in population size, an interesting question is whether the

increased local area population density implies high levels of social interaction among

peers.

To examine the differential effects of social interactions across neighborhoods with

varying population size, I use the population data at the block group level from the

2010 census to categorize neighbors into ten deciles. Figure 5 plots the neighbor

effect coefficients for each decile of population density. The results are obtained from

ten linear probability regressions, where each regression is restricted to only those

students belonging to that population density decile. As shown in the plot, the

influence of neighbors on the propensity of being matched with top choices in the

three higher population density deciles is as large as the influence in the three lower

deciles.

Socioeconomic Status

Most interactions appear to be among residents in relatively close spatial and

social proximity, though there is some evidence of casual interaction across income

and housing tenure groups as well. For example, Grinblatt et al. (2008) find that

neighbor influence on automobile purchases is strongest among the lowest income

classes. Bayer et al. (2008) demonstrate that informal information channels are used

more intensively by individuals with less education. To examine if students from

economic disadvantaged families are more likely to be influenced by their neighbors

in making school choice, I estimate the social interaction effects across income deciles.

As the income level is not observed for each family, I use whether a student receiving

subsidized lunch as an indicator of the family income level. Further, the fraction of

with population density: rural areas exhibit the greatest neighborhood influence while cities exhibit
the least. Similarly, Sorensen (2006) finds that the social influence among coworkers on choices of
health plans declines with department size in the University of California. Employees do not
generally communicate with coworkers in large departments. Duflo and Saez (2003) finds that
the Tax Deferred Account (TDA) enrollment effects are about the same in large and in small
departments. However, after 11 months of attending a benefits information fair organized by the
university, the effects appear to be stronger in smaller departments than in larger ones.
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students eligible for free or reduced price lunch within the block group is used to

group the neighborhoods into income deciles.

Figure 5 depicts the social interaction effects on school choice for students from

neighborhoods with different income status. As before, the coefficients before endoge-

nous peer effects α0 are shown across income deciles. There are insignificant effects

of neighborhood interactions on the chance of being matched with top choices. How-

ever, the number of ineligible schools ranked by students is negatively correlated with

income deciles. As seen in the picture, there is a downward trend in the effects on

ranking ineligible schools. In other words, students in neighborhoods of high income

decile are less likely to blindly follow their elder neighbor peers to submit applications

to ineligible schools.

Although this paper does not aim to distinguish specific mechanisms through

which peer effects operate, the results on negative choice outcomes suggest that the

“social utility” (i.e., there is a utility gain in studying together) story fits better than

the “social learning” (i.e., information sharing) channel at least for students from

low income neighborhoods.

New Comers

In addition to these checks, I provide models where the sample is restricted to

new entrants to the NYC. New entrants are defined as individuals who moved to

the NYC within a year (or two years) before submitting applications to the public

schools. The social interactions effects between newcomers and incumbents could be

mixed. On one hand, new residents in NYC are less informed and thus may have

stronger incentive to rely on the word-of-mouth information from neighbors. On

the other hand, new residents may be less attached to the neighborhood and have

fewer chances to interacts with incumbents. Therefore, it is unclear whether the

neighborhood interactions have greater or smaller influence on newcomers than on

incumbents.
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Table 7 reports the social interaction effects on newcomers, whereas columns

(1)-(3) refer to the different sub-samples of students. Column (1) shows the results

for students residing in NYC for less than a year; column (2) are the results for

students in residence for less than two years. As a comparison, I also provide the

neighborhood interaction effects on incumbents, students who have lived in their

current residence for at least two years, in column (3). The results suggest that

newcomers are less likely to benefit from the successful experience in school choice

from their elder neighbor peers.

Sub-sample Analysis

The previous sections already suggests a substantial amount of individual vari-

ation in the effects of social interactions. Therefore, it is natural to study whether

certain student subgroups benefit more or less from social interactions24. In terms of

observed heterogeneity, I re-estimated my model for a number of separate samples:

by gender, by age, by race and by deciles of the academic performance25. Table 8

reports the results on the effects of social interactions across different types of stu-

dents. In every case, I find that my results are very similar across all samples. In

particular, each of these samples illustrates that if neighbor peers are admitted by

their top choices, it is more likely that their fellow residents are matched with top

choices as well. Given that one third of NYC school programs provides admission

priorities to students attending the schools’ information session or open house events,

neighbor peers who attended these fairs and were offered at a top choice might pass

along their experience to other students who live nearby. As a result, their success

24 Hellerstein et al. (2011) indicates that residence-based social networks are more important for
minorities and the less skilled, especially among Hispanics, in determining the establishments where
workers work. Topa (2001) studies the effects of local interactions on unemployment using the
Chicago Census Tract data and concludes that the local spill overs are stronger for areas with less
educated workers and higher fractions of minorities.

25 The underlying notion is that a student or parent is more likely to benefit from relevant infor-
mation or stay in touch with neighbors with similar traits.
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motivates fellow neighbors to participate desired schools’ information session or open

house events and thus improve the propensity of being matched with top choices.

The neighborhood interaction effects are smaller for blacks and hispanics than

for the overall sample. Black and Hispanic students would rank 0.018 more ineligible

schools if an additional neighbor peer ranked one ineligible school in previous year26.

This effect is as large and significant for black and Hispanic students as for the overall

sample.

The strength of social interactions could vary depending not only on the neigh-

borhood types, but also on the student types. For instance, high-achieving students

tend to target at a handful set of most well-known schools and thus have less reliance

on the word-of-mouth information to rank their preferred schools. Contrarily, low-

achieving students may have a preference to a large set of schools with less emphasis

on academics. These students may prefer schools with good support for career train-

ing, of which the information is usually not disseminated systematically. Thus, they

are more likely to turn to their social networks for information sources. To study if

the effects of neighborhood interactions are differential across students with different

academic performance, I categorize students’ standardized eighth grade Math scores

and divide students into three groups: high (the top one third of students based on

their performance at eighth grade Math), middle (the middle one third of students)

and low (the lowest one third of students). Peers have great influence on the propen-

sity of being matched with top choices for all categories of students. However, the

effect on ranking ineligible schools is not statistically significant for students in the

highest and lowest baseline score quartiles.

The effects for being matched with first choices are similar in magnitude for

boys and girls. One interesting pattern is that girls are less likely to be influenced

26 Hellerstein et al. (2011) shows that there may be racial stratification of networks even within
neighborhoods. The labor market information especially job referrals are more likely to happen
between residents of the same race than between residents from different racial groups.
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by the inefficient information sharing. Such patterns raise an important question

about this study’s findings: Is the social learning beneficial? Information sharing

can clearly increase welfare when the shared information enable students to make

better school choice. However, my results suggest that inefficient herding is also

possible. For example, Blacks, Hispanics, and boys are likely to rank invalid schools

if their elder neighbor peers did so before27. This fact suggests that students may

follow the choices of their peers simply because there is a utility gain in studying

together regardless of the quality of schools. Alternatively, for some individuals, it is

imitation that generates peer effects (Mas and Moretti 2009) rather than sharing a

source of useful information. These two mechanisms of social interactions fit better

with the observation that individuals rank ineligible schools when their neighbor

peers did so in the previous years than the mechanism of information sharing does.

Which types of students have the greatest influence on neighborhood peers? I

test three different channels through which peer effects may operate28. First, I test

a “monotonic model” in which high-achieving peers help everyone and low-achieving

peers hurt everyone. Second, I test whether direct peer effects could be working

through “invidious comparisons” with peers. In particular, if a student is grouped

with peers under his level, his self-confidence and performance may improve, while the

opposite is true when grouped with higher-achieving peers. Finally, I test whether

neighbors benefit from being grouped with other students of the same level. Im-

berman et al. (2012) studies the effect of an increase in the inflow of evacuees on

incumbent students’ academic performance and find that their results are consistent

with the first channel.

27 The heterogeneity in peer influence over sub-samples is inconsistent with any story using the
correlated effects to explain the neighborhood choice similarities. Common shocks (like the access to
public transportation, distance to desirable schools and admission priority to local schools) should
affect students of different subgroups equally.

28 Hoxby and Weingarth (2006) provides an excellent summary of the peer effect literature on a
number of hypotheses and models through which peer effects may operate.
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3.7 Results

I now present the results of my primary analysis, beginning with an examination of

the propensity for two near neighbors to rank an identical school.

Table 1 contains summary statistics for the student sample used in my analy-

sis. As described above, the first part of this part report the average demographic

characteristics of students. We can see that the majority of students in NYC public

schools are Black and Hispanic, together who make around 75% of the population.

There are around 70% of students qualifying for free or reduced price lunch, which

is an indicator of family income status. Interestingly, in all four cohorts except the

2004-05 year, the average standardized seventh grade math and reading scores is

negative. This pattern occurs because a great population of high-performing stu-

dents are not included in the sample. Students not included in the analysis consists

of those who only apply to Specialized public schools (the high-performing schools)

or who choose to exit the public system and go to private schools. All those types of

students typically perform better than the average student population in the public

school system.

Although students are allowed to rank up to 12 schools, few of them actually

make use of the full quota. From table 1, we can see that the average number

of schools ranked by students is between 7 and 8 across years. 35% to 45% of

students ranking their local schools (zoned schools) as a choice across years. This

percentage is computed as the proportion of students who ever ranked their zoned

schools regardless of students ranking it as the first, second, ..., or the last choice. If

we look at the proportion by rank, the percent of students ranking a zoned school is

around 15% in each rank. This percentage is consistent with the percent of students

finally ended up in zoned high schools, as listed in table 1.

Table 1 also reports the proportion of students matched with their top choices.
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The matching rate with top choices is improving over years. In contrast, the per-

centage of students finalized in zoned schools is decreasing across years. Till the year

2006-07, 41.38% of students are matched with their first choice, 68.98% are matched

with top three choices and 80.27% are matched with one of the top five choices. Only

12.24% of students finally are assigned to zoned schools.

3.7.1 Propensity of Choosing Same Schools

While Figure 1 provides suggestive evidence as to the presence of a social interac-

tion effect among immediate neighbors. My regression specification help clarify this

evidence since it removes the reference group fixed effects. This ensures that the ef-

fects of social interactions are based exclusively on the difference between immediate

and distant neighbors. Table 3 provides the results from my baseline specification

in equation (1). Column (1)-(6) reports α0 for each choice similarity measure. The

estimated social interaction effect is positive and highly statistically significant in all

cases, suggesting a strong additional propensity for two immediate neighbors to rank

the same schools, over and above the estimated propensity for distant neighbors.

The magnitude is 0.5 additional percentage points for two near neighbors ranking an

identical school as their first choice. This effect is sizable, it is roughly 10 percent

the size of the baseline propensity to rank an identical school as first choice for two

students in the reference group who are not each other’s ten closest neighbors.

Table A1 reports the effects of neighbor interactions using the alternative def-

inition of peer group (students in the same census block but not from the same

household) and the reference group (students in the same census block group but

not the same household). The estimated social interaction effect is significantly posi-

tive in each case as in table 3, suggesting that students residing in the same block are

more likely to study together. Column (5) indicates that residing in the same block

will make students rank 0.029 more identical schools. While this magnitude seems
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to be not large compared with the fact that on average student pairs rank 0.854

identical schools. The reason of a small magnitude is that the block group itself is

a small geographic concept, block group peers have as much interactions as block

peers do. Thus, my estimates of block-level interaction effect only provides a lower

bound of the actual neighborhood interactions. In addition, given the fact that there

are hundreds of school options, it is possible that an individual may choose schools

quite similar to but not exactly the schools where the neighbors attend. Therefore,

my estimation results from equation (1) tend to underestimate the social effects.

As explained in the identification strategy part, my estimation of neighborhood

effects relies on the assumption that there is no endogenous sorting at the block

level. To test this assumption, several robustness checks are done. In addition to

the correlation analysis as reported in Table 2, I also control for individual fixed

effects as in equation (8). The estimated neighborhood interaction effects are stable

across specifications. This further confirms the existence of social interaction effects

on school choice.

To capture the heterogenous neighborhood interaction effects, I add individual

i and j′s attributes as well as their interaction terms with the residence indicator

R10
ij in regression specifications as in equation (3). Table 4 reports estimation results

from the heterogenous specification in equation (3). Each column is a separate

regression. Table 4 shows the mean probability of two people ranking same schools

after controlling for a large set of characteristics for the paired students. The unit

observation is again a pair of students and the omitted categories for person 1 and

2’s race is black-Hispanic. Moving a white-black pair to the same block increases the

probability of ranking the same school as a first choice by 4 times. We draw several

conclusions from this analysis: Residing in the immediate neighborhood will improve

a pair of students’ probability of ranking same schools. The increased propensity out

of geographic proximity is especially strong for pairs with different races. However,
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even within the local near neighbors, students of same races are more likely to rank

identical schools than students of different races. This implies a racial segregation

on small geographic scales. Individuals may be more likely to turn for help to their

immediate neighbors who are of same races when making school choices.

Unsurprisingly, the interactions of the peer group indicator with race are gener-

ally significantly different from the white-white same block effect. In other words,

geographic proximity enhances within race interactions to a larger extent than cross

race interactions. Further, there are large negative level effects from person 2 be-

ing black when person 1 is white. Overall, white-black pairs are estimated to have

much fewer interactions than white-white pairs. The same pattern is observed for

white-Hispanic pairs. Interestingly, there is large positive level effects from person

2 being Asian when person 1 is white. This may happen because white and Asian

families in NYC share some common interests in schools. In the last rows I also ask

whether differences in academic ability reduce the amount of social interactions. As

expected, the results in Table 4 show that difference in baseline scores do reduce

the number of identical schools being ranked and the probability of ranking same

schools. This effect is only statistically significant when person 1 is white. The ef-

fect is statistically insignificant when person 1 is black, Asian or Hispanic. I tried

several alternative specifications such as creating dummies for person 1 and person

2’s quartiles of baseline scores.

3.7.2 Impact on Choice Outcomes

To estimate the impact of neighborhood effects on choice outcomes, I again assume

a linear-in-means model as in equation (3), where an individual’s choice outcome

depends on the leave-out mean for the other members in the group. In this part,

I study whether the choice experience from the nearest neighbor affect one’s own

choice outcomes.
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As in the analysis using the standard linear-in-means approach, the study on the

neighbors’ impact on choice outcomes construct the neighbor peer group average as

the leave-out mean of students who making choices in previous years to avoid the

reflection problem. Table 6 reports the average impact on choice outcomes as well as

the impact by subgroups. Here, we can see that learning from neighbors will improve

one’s own matching rate with top choice.

The impact on the academic quality of matched schools are significant. This

suggests that if closest neighbors successfully matched with high-performing schools,

it is very likely that the fellow residents will also be matched with high-performing

schools in the coming years. This confirms my previous speculation that neigh-

bors have incentive to learn from their immediate neighbors’ experience, especially

from the successful neighborhood peers. However, if an individual ranked an invalid

choice, their following residents may also rank certain invalid choices as suggest in

the last row of Table 6. However, this negative impact is not significant among

high achievers. These facts suggest that the unreliable work-of-mouth information

is more likely to circulate among low achievers whose families have less resource to

verify the correctness of their information29. These low achievers would benefit from

their neighbors’ successful experience as well as be harmed by their unsuccessful

experiences. In contrast, the high-performing peers tend not to be affected by the

unreliable information.

29 Cingano and Rosolia (2012) study the impact of neighborhood networks on job search and find
that technological distance between the contacts and the displaced workers is a relevant factor for
the effectiveness of information networks.Bentolila et al. (2010) show that information networks
could lead to worse employment outcomes if contacts are employed in industries whose technology
the displaced worker is unfamiliar with or whose required skill he is not endowed with.
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3.7.3 Peer Effect Channels

3.8 Conclusions

In this paper, I present a novel strategy for the identification of neighborhood inter-

actions, and investigate whether peers’ behavior has any effect on the choice of high

schools in NYC. To define the neighborhood peers, I convert the home addresses to

the location coordinates and then rank each individual’s neighbors from closest to

the most distant by distance. The “neighborhood peers” are then defined as ten

nearest neighbors and thus the peer groups are individual specific. Because of the

thinness of the housing market within a small area at a particular move in date,30 the

formation of one’s “neighborhood peers” is roughly random. With this assumption,

I use the variation in school choice between near and distant neighbors to estimate

the social interaction effects.

In addition, I examine whether the social interaction effects vary by socioeconomic

status using heterogenous specifications. It is found that geographic proximity and

race are greater determinants of choice similarity than are family background. The

interaction effects are stronger among same race than among different races. Even at

a very local (ten closest neighbors) level, there is still racial segregation. The quan-

titative results indicate that decisions are influenced substantially by their neighbor

peers’ choices, but that these effects do not necessarily dominate other factors that

are relevant to the decision (such as age, income, or family status).

Finally, I study whether the experience from neighbors would change one’s own

choice outcomes. Using nonlinear peer effects models, I find that the neighborhood

influence is especially strong for low-achieving students, who tend to select invalid

schools if their immediate neighbors did in the previous years. These results imply

30 In densely populated areas with a lot of housing options, people are able to choose which city
block to live in. However, they are not able to choose their exact residential location, which is a
crucial determinant of ten nearest neighbors versus next forty nearest.
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that low-achieving students are more likely to rely on the low quality word-of-mouth

information.

The contribution of this paper to the literature is two fold. First, as the first

paper associating the school choice with social interactions among eighth graders, it

provides evidence that the school choice among neighbors are correlated and thus

one should take into account the social interaction effects when estimating structure

parameters using the revealed preference model. Second, this paper presents the

heterogeneity of social interactions across different subgroups. For example, White

and Asians benefit more from the informal information networks on school choice.

Therefore, effective policies are needed to help other ethnic groups to disseminate

the school information and make suitable choices. Moreover, this paper has several

important policy implications on school choice reform: First, it shows that living

together improves the probability of ranking and attending identical schools. Given

the wide presence of residential segregation in large cities like NYC, neighborhood in-

teractions may result in the school segregation with the current school choice reform.

Second, policy interventions of providing less informed neighborhood with transpar-

ent and easily accessible information have an amplified effect due to endogenous

social interactions.

This paper exclusively focus on the choice similarity and the assignment of

schools. In future work, I also tend to extend this analysis to other academic out-

comes, like college board outcomes, high school graduation, days of late and days of

absence, to examine whether the neighborhood interactions have a persistent effect

on high school students. Moreover, having convincingly shown the existence of social

interactions among immediate neighbors, the next big question is to distinguish the

exact mechanism that underlies the effects of neighbor interactions on adolescents’

schooling decisions.
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3.9 Tables and Figures

3.10 Figures and Tables
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Figure 3.1: Similarities in School Choice

The figure reports the mean and the local polynomial smooth functions of the school
choice similarities between individuals and their neighbors by distance ranks.
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Figure 3.2: Distance to Neighbors (in meters).

This figure reports the average distance to neighbors over distance rank intervals for the overall sample (the first one) and
for each borough as noted in the subtitle.
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Figure 3.3: Distribution of Blocks per Block Group (2004-2007)

The figure reports the sample distribution of block size for the overall sample (the first one) and for each borough as noted
in the subtitle. The associated estimated Gaussian kernel density as well as the 10th percentile, median, mean and the
90th percentile are also reported.
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Figure 3.4: Distribution of Sampled Applicants per Block (2004-2007)

This figure reports the distribution of public high school applicants for the overall sample (the first one) and for each
borough as noted in the subtitle. The associated estimated Gaussian kernel density as well as the 10th percentile, median,
mean and the 90th percentile are also reported.
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Figure 3.5: Neighborhood Effects by Population Density Decile

The results are from the neighbor effect coefficients from ten regressions where each
regression is restricted to only those individuals belonging to the population density
decile. The dependent variables in all regressions are indicated in the legend. A
student’s decile is based on the total population at the block group level in the 2000
census data.
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Figure 3.6: Neighborhood Effects on Income Decile

Similar to the population density plot, neighborhood effects reports the coefficients
before the peer average outcomes. A student’s decile is based on the proportion of
students qualified for subsidized lunch at the block group level.
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(a) Effects of Neighborhood Interactions on School Choice
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(b) Effects of Neighborhood Interactions on Choice Outcomes
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Figure 3.7: Neighborhood Effects on School Choice.

Panel A plots the mean probability of ranking schools where neighbors got offers.
The mean probability is calculated at each distance interval. Panel B plots the mean
probability of obtaining offers from schools where neighbors across different distance
intervals are offered.
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(a) %White in Census Block Group
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(b) %Asian in Census Block Group
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Figure 3.8: Neighborhood Effects by Ethnicity Deciles.

As before, each line reports the estimated neighbor effects from ten separate regres-
sions where each regression restricts the sample to students in that particular decile.
Decile is defined using the fraction of a particular race among the total population
at the block group level according to the 2000 census data.
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(c) %Black in Census Block Group
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(d) %Hispanic in Census Block Group
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Table 3.1: Student Summary Statistics

2004 2005 2006 2007

Student Characteristics
Age 13.57 13.53 13.56 13.55
Female 0.49 0.49 0.49 0.49
White 0.14 0.14 0.13 0.12
Black 0.34 0.34 0.35 0.34
Hispanic 0.40 0.39 0.41 0.42
Asian 0.12 0.13 0.11 0.11
Special education 0.07 0.08 0.08 0.09
Free or reduced price lunch 0.63 0.73 0.72 0.67
limited English proficiency 0.11 0.11 0.12 0.12
Number of Students 77,591 77,927 71,575 70,563

7th grade math score -0.04 0.01 -0.09 -0.08
7th grade reading score -0.06 0.01 -0.09 -0.08
Number of Students 70,565 70,543 64,970 67,799

Application Choices
Average number of choices 7.64 7.80 7.53 7.44
#invalid choices submitted 0.07 0.28 0.09 0.06
%applicants submitting invalid choices 4.60 11.37 7.24 5.13
% applicants ranking zoned schools 42.58 43.05 35.78 34.39
%Admitted to zoned SHS 21.09 16.42 13.03 12.24

Admission Outcomes
%Admitted to first choice 33.51 36.59 41.54 41.38
%Admitted to top three choices 57.24 63.11 69.17 68.98
%Admitted to top five choices 69.04 75.34 79.85 80.27
%Admitted to zoned schools 21.09 16.42 13.03 12.24

Notes: Sample in each year is restricted to students in eighth grade who applied to the NYC
public schools. I exclude the students who apply from a private middle schools, since there is
no information on the academic performance of those students in middle school years. Invalid
choices refer to the applications to schools which are already closed, or only admit specific types
of students, e.g., students with special education needs or students from a second language.Zoned
schools in NYC refers to students’ local schools which give admission priority to students residing
in the school district.
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Table 3.2: Correlation Between Individual and Average Characteristics of Ten Closest Neighbors

Conditional on Reference Students Moving to NYC Students Moving to NYC
Unconditional Group Fixed Effects in the Past Year in the Past Two Years

correlation p-value conditional p-value conditional p-value conditional p-value
(1) (2) (3) (4) (5) (6) (7) (8)

female 0.012 0 -0.058 0 -0.101 0 -0.062 0
white 0.66 0 0.073 0 -0.049 0.056 0.031 0.025
black 0.661 0 0.075 0 0.096 0 0.072 0
hispanic 0.512 0 0.073 0 0.101 0 0.072 0
asian 0.51 0 0.081 0 0.122 0 0.091 0
frpl 0.2 0 -0.03 0 -0.022 0.398 -0.025 0.072
8th grade Math scores 0.285 0 -0.027 0 -0.016 0.539 -0.039 0.005
8th grade English scores 0.262 0 -0.01 0 0.047 0.069 0.02 0.162

Note: The table reports unbiased estimates of correlation between a series of individual characteristics and the corresponding average charac-
teristics of his ten closest peers residing in the same neighborhood but not in the same household. Column (1) reports unconditional correlation.
Column (3) reports the correlation conditional on reference group fixed effects. Column (5) and (7) report the conditional correlation for new
comers defined by the years of residing in NYC. Column (2), (4), (6) and (8) report the p-value statistics.
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Table 3.3: Neighborhood Effects without Controls

Ranking at least one identical school among Number of
overlapping 1{attending

first chioce top 3 chioces top 5 choices all choices choices same school}
(1) (2) (3) (4) (5) (6)

close10 0.005*** 0.011*** 0.012*** 0.014*** 0.042*** 0.007***
(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

Constant 0.054*** 0.212*** 0.344*** 0.555*** 0.924*** 0.064***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

N 11,747,000 11,747,000 11,747,000 11,747,000 11,747,000 11,747,000

Notes: This table reports the number of identical schools and the propensity of ranking same schools among nearest neighbors. The dependent
variables are listed in the top row of each column. Coefficients before the indicator 1{being the 10 closest neighbors to the subject} are
reported. Reference group (i.e., the 50 closest neighbors to the subject) fixed effects and application cohort dummies are included in all the
above specifications. Standard errors are shown in parentheses.*significant at 10% level; **significant at 5% level; ***significant at 1% level.

137



Table 3.4: Heterogenous Neighborhood Effects

Ranking at least one identical school among Number of
overlapping 1{attending

first chioce top 3 chioces top 5 choices all choices choices same school}
(1) (2) (3) (4) (5) (6)

close10 0 0.002** 0.002** 0.006*** 0.008*** 0.001**
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)

both male 0.007*** 0.022*** 0.032*** 0.032*** 0.063*** 0.008***
(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

both female 0.002*** 0.014*** 0.024*** 0.036*** 0.109*** -0.002***
(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

both white 0.051*** 0.114*** 0.116*** 0.069*** 0.187*** 0.034***
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001)

both black 0.000* 0.003*** 0.007*** 0.021*** 0.048*** -0.002***
(0.000) (0.000) (0.001) (0.001) (0.001) (0.000)

both hisp 0.008*** 0.027*** 0.036*** 0.033*** 0.078*** 0.008***
(0.000) (0.000) (0.001) (0.001) (0.001) (0.000)

both asian 0.052*** 0.121*** 0.135*** 0.114*** 0.421*** 0.013***
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001)

both other 0.012 0.036** 0 -0.012 -0.033 0.011
(0.011) (0.018) (0.021) (0.022) (0.049) (0.010)

white black 0.001** 0.002** 0.002 -0.017*** -0.042*** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001)

white asian 0.022*** 0.074*** 0.088*** 0.065*** 0.188*** 0.002***
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)

white hisp 0.016*** 0.040*** 0.046*** 0.022*** 0.043*** 0.010***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

white other 0.028*** 0.055*** 0.048*** 0.011** 0.074*** 0
(0.003) (0.004) (0.005) (0.005) (0.012) (0.003)

black asian 0.003*** 0.010*** 0.014*** 0.015*** 0.039*** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)

black other -0.001 0 0.001 0.012*** 0.026*** 0
(0.001) (0.002) (0.002) (0.003) (0.006) (0.001)

hisp asian 0.005*** 0.020*** 0.032*** 0.032*** 0.075*** 0.003***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

hisp other 0.002 0.005** -0.001 -0.005* -0.01 0.001
(0.001) (0.002) (0.003) (0.003) (0.006) (0.001)

both frpl -0.001*** -0.001** 0.001*** 0.005*** 0.024*** 0.001***
(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

both nofrpl 0.009*** 0.015*** 0.016*** 0.014*** 0.034*** 0.011***
(0.000) (0.000) (0.001) (0.000) (0.001) (0.000)

both high 0.020*** 0.077*** 0.095*** 0.084*** 0.351*** -0.027***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)
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Table 3.4: Heterogenous Neighborhood Effects

Ranking at least one identical school among Number of
overlapping 1{attending

first chioce top 3 chioces top 5 choices all choices choices same school}
(1) (2) (3) (4) (5) (6)

both middle 0.005*** 0.015*** 0.022*** 0.028*** 0.073*** 0.002***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

high middle -0.007*** 0.011*** 0.026*** 0.032*** 0.106*** -0.020***
(0.000) (0.001) (0.001) (0.001) (0.001) (0.000)

high low -0.013*** -0.018*** -0.017*** -0.015*** -0.026*** -0.021***
(0.000) (0.000) (0.001) (0.001) (0.001) (0.000)

middle low 0.001*** 0.003*** 0.005*** 0.008*** 0.016*** 0.001**
(0.000) (0.000) (0.000) (0.001) (0.001) (0.000)

int both male 0.002*** 0.003*** 0.004*** 0.003*** 0.013*** 0.001***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

int both female 0.002*** 0.003*** 0.001* 0 0.011*** 0.001***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

int both white 0.009*** 0.011*** 0.011*** 0.008*** 0.021*** 0.014***
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001)

int both black 0.001*** 0.003*** 0.004*** 0.003*** 0.013*** 0.001***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

int both hisp 0.005*** 0.008*** 0.010*** 0.007*** 0.030*** 0.005***
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

int both asian 0.002** 0.010*** 0.007*** 0.004** 0.016*** 0.013***
(0.001) (0.001) (0.002) (0.002) (0.004) (0.001)

int both other 0.086*** 0.075** 0.123*** 0.095** 0.326*** 0.077***
(0.018) (0.031) (0.036) (0.038) (0.084) (0.018)

int white black 0.004*** 0.011*** 0.012*** 0.012*** 0.032*** 0
(0.001) (0.002) (0.002) (0.002) (0.005) (0.001)

int white asian 0.002** 0.005*** 0.006*** 0.006*** 0 0.009***
(0.001) (0.001) (0.002) (0.002) (0.004) (0.001)

int white hisp 0.002*** 0.007*** 0.007*** 0.004*** 0.007** 0.008***
(0.001) (0.001) (0.001) (0.002) (0.003) (0.001)

int white other 0.007 0.021** 0.025** 0.024** 0.031 0.002
(0.005) (0.009) (0.010) (0.011) (0.023) (0.005)

int black asian -0.001 -0.001 -0.002 0.001 -0.001 0.001
(0.001) (0.002) (0.002) (0.002) (0.005) (0.001)

int black other 0.003 0 0.001 0.006 0.019** 0.001
(0.002) (0.004) (0.004) (0.004) (0.010) (0.002)

int hisp asian -0.001 -0.001 -0.001 0.001 -0.009*** 0.006***
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001)

int hisp other 0.001 -0.002 0.008 0.004 0.008 0.006**
(0.003) (0.004) (0.005) (0.005) (0.012) (0.003)

int both frpl 0.002*** 0.003*** 0.003*** 0.003*** 0.015*** 0.002***
(0.000) (0.001) (0.001) (0.001) (0.001) (0.000)
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Table 3.4: Heterogenous Neighborhood Effects

Ranking at least one identical school among Number of
overlapping 1{attending

first chioce top 3 chioces top 5 choices all choices choices same school}
(1) (2) (3) (4) (5) (6)

int both nofrpl 0.003*** 0.003*** 0 0 0.010*** 0.001*
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)

int both high 0.001* 0.002* 0.003*** 0.002 0.025*** -0.002***
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001)

int both middle 0.001 0.001 0.002* 0.003** 0.008*** 0.001
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001)

int high middle 0 -0.001 0.001 0.001 0.006*** -0.002***
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)

int high low -0.002*** -0.004*** -0.003*** -0.002 -0.010*** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)

int middle low -0.001* -0.001 0.001 0.001 0 -0.001
(0.000) (0.001) (0.001) (0.001) (0.002) (0.000)

cons 0.042*** 0.164*** 0.278*** 0.486*** 0.718*** 0.068***
(0.000) (0.001) (0.001) (0.001) (0.001) (0.000)

N 11,747,000 11,747,000 11,747,000 11,747,000 11,747,000 11,747,000

Notes: This table reports the results for five specifications of a regression in which an observation is
a pair of 8th graders ranking the NYC public high schools. Dependent variables are listed in the top
row of each column. Each column reports the coefficients from a separate regressions. ”close 10”
is an indicator whether a student is one of the closest neighbors to a subject. In all specifications,
reference group fixed effects and application cohort dummies are included. Standard errors are
reported in parentheses. * significant at 10% level; ** significant at 5% level;*** significant at 1%
level.
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Table 3.5: Difference Between Near and Distant Neighbors and Omitted Variables Bias

Correlation between (near - distant neighbor choice Correlation between (near - distant neighbor
outcomes) and individual demographics demographics) and individual choice outcomes

number of number of
1{got offer 1{got offer 1{got offer ineligible 1{got offer 1{got offer 1{got offer ineligible
from first from a top 3 from a top 5 schools from first from a top 3 from a top 5 schools
choice} choice} choice} ranked choice} choice} choice} ranked

(1) (2) (3) (4) (5) (6) (7) (8)

female 0.001 0.002 0.002 -0.001 0.006 0.004 0.005 -0.005
white 0.007 0.009 0.007 -0.003 0.006 0.007 0.006 -0.004
black -0.003 0.002 0.005 -0.003 0.005 0.002 0.003 -0.003
hispanic -0.001 -0.004 -0.004 0.006 0.007 0.006 0.007 -0.002
asian -0.002 -0.007 -0.008 -0.001 -0.001 -0.001 0 -0.001
frpl 0.001 0.004 0.005 0.002 0.009 0.009 0.008 -0.006
8th grade Math scores 0 -0.004 -0.005 -0.004 0.001 0.006 0.005 -0.003
8th grade English scores 0.002 0.003 0.003 -0.004 0.001 0.007 0.007 -0.004

Notes: This table reports the correlation between individual characteristics (choice outcomes) and the differences in the choice outcomes
(attributes) between the near and distant neighbors. ”Near neighbors” are defined as each individual’s ten nearest neighbors; while ”distant
neighbors” are defined as those who are ranked in 11th to 50th in nearness. Column (1)-(4) reports the correlation between individual attributes
and neighbors’ difference in choice outcomes. Column (5)-(8) reports the correlation between individual choice outcomes and neighbors’ difference
in attributes. ”Choice outcomes” are defined as: the probability of being offered at top 1, 3 or 5 choices, or the number of ineligible school
programs ranked by the individual.
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Table 3.6: Neighborhood Effects on School Choice Outcomes: Heterogenous Model

number of
1{got offer from 1{got offer from 1{got offer from ineligible schools

first choice} a top 3 choice} a top 5 choice} ranked
(1) (2) (3) (4)

peerold 0.135*** 0.081*** 0.042*** 0.019**
(0.009) (0.006) (0.004) (0.009)

female -0.006*** -0.016*** -0.010*** -0.011***
(0.002) (0.002) (0.001) (0.003)

white 0.025 0.065*** 0.036*** -0.004
(0.017) (0.014) (0.010) (0.016)

black -0.035** -0.035** -0.024** 0.059***
(0.017) (0.014) (0.010) (0.016)

hispanic -0.005 -0.02 -0.017* 0.036**
(0.017) (0.014) (0.010) (0.016)

asian -0.053*** -0.023 -0.009 0.006
(0.017) (0.014) (0.010) (0.016)

frpl 0.009*** 0.007*** 0.004** 0.010***
(0.003) (0.002) (0.002) (0.003)

grade8 scoreSTM -0.007*** 0.010*** 0.007*** -0.021***
(0.002) (0.002) (0.001) (0.003)

grade8 scoreELA 0.008*** 0.019*** 0.011*** -0.018***
(0.002) (0.001) (0.001) (0.002)

N 172469 172469 172469 172469

Notes: This table reports the neighborhood interaction effects on four choice outcomes. Each
column is from a separate specification. Dependent variable is indicated at the top of each column.
”old peers” are neighborhood peers who participated in the school choice system in earlier years.
In all specifications, beside of including all variables listed in the leftmost column, the application
cohort dummies are also included. *significant at 10% level; **significant at 5% level; ***significant
at 1% level.
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Table 3.7: Choice Outcomes: New versus Old Residents

In Residence Less In Residence Less In Residence
than 1 Year than 2 Years at least 2 Years

(1) (2) (3)

1{got offer from 1st choice} 0.347 0.126* 0.135***
(0.225) (0.074) (0.009)

N 298 2628 169841

1{got offer from top 3 choices} 0.331** 0.067 0.081***
(0.153) (0.054) (0.006)

N 298 2628 169841

1{got offer from top 5 choices} 0.089 0.021 0.042***
(0.114) (0.039) (0.004)

N 298 2628 169841

#ineligible choices made 0.025 0.028 0.019**
(0.115) (0.073) (0.009)

N 298 2628 169841

Notes: This table reports neighborhood interactions effects on choice outcomes for subsample of
students based on their years of residence in NYC. Each estimate comes from a separate regression.
Dependent variables are listed in the leftmost column. The subsample is indicated at the top row
of each column. Coefficients before the difference in choice outcomes between near and distant
neighbors are reported. In all specifications, individual characteristics such as gender, race, free
or reduced price lunch and eighth grade math and English scores as well as the application cohort
dummies are also included. *significant at 10% level; **significant at 5% level; ***significant at 1%
level.
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Table 3.8: Neighborhood Effects on School Choice Outcomes by race, gender and achievement categories

Black or Non-native
All Hispanic Boys Girls High Middle Low Immigrants speakers

(1) (2) (3) (4) (5) (6) (7) (8) (9)
1{got offer from 1st choice} 0.135*** 0.091*** 0.143*** 0.126*** 0.140*** 0.166*** 0.085*** 0.190*** 0.143***

(0.009) (0.011) (0.013) (0.013) (0.016) (0.015) (0.016) (0.029) (0.015)
N 172469 127607 83768 88701 59142 58791 54536 17136 66586

1{got offer from top 3 choices} 0.081*** 0.064*** 0.104*** 0.059*** 0.090*** 0.102*** 0.049*** 0.106*** 0.086***
(0.006) (0.007) (0.009) (0.009) (0.010) (0.011) (0.011) (0.020) (0.010)

N 172469 127607 83768 88701 59142 58791 54536 17136 66586

1{got offer from top 5 choices} 0.042*** 0.030*** 0.054*** 0.031*** 0.046*** 0.043*** 0.037*** 0.057*** 0.052***
(0.004) (0.005) (0.006) (0.006) (0.007) (0.008) (0.008) (0.014) (0.007)

N 172469 127607 83768 88701 58791 54536 17136 66586

#ineligible choices made 0.019** 0.018* 0.026** 0.011 0.014 0.032** 0.009 -0.015 -0.001
(0.009) (0.010) (0.013) (0.012) (0.012) (0.015) (0.018) (0.022) (0.013)

N 172469 127607 83768 88701 59142 58791 54536 17136 66586

Notes: This table reports the effects of neighborhood interactions on individual’s own choice outcomes.Dependent variables are stated as
those listed in the leftmost column. Coefficients before the average choice outcomes between near and distant neighbors are reported. In all
specifications, individual’s own characteristics such as gender, race, free or reduced price lunch as well as the application cohort dummies are
included. Immigrants refer to those whose original geographical residence is not in USA. Non-native speakers are defined as those whose home
language are not English. Standard errors are provided in parentheses and clustered by block. Each cell of this table comes from a separate
regression equation. Number of observations report the size of the student sample used for each regression analysis.*significant at 10% level;
** significant at 5% level; *** significant at 1% level.
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Table 3.A1: Neighborhood Effects without Controls

Ranking at least one identical school among Number of 1{attending
first chioce top 3 chioces top 5 choices all choices overlapping choices same school}

(1) (2) (3) (4) (5) (6)

Panel A: With Block Group Fixed Effects
sameblock 0.004*** 0.009*** 0.010*** 0.011*** 0.029*** 0.005***

(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

Constant 0.055*** 0.208*** 0.332*** 0.541*** 0.854*** 0.067***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Panel B: With Individual Fixed Effects
sameblock 0.005*** 0.010*** 0.010*** 0.012*** 0.035*** 0.008***

(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

N 9,479,633 9,479,633 9,479,633 9,479,633 9,479,633 9,479,633

Note: This table reports the number of identical schools and the propensity of ranking same schools among nearest neighbors. The dependent
variables are listed in the top row of each column. Coefficients before the indicator 1residing in the same census block are reported. Block
group fixed effects and application cohort dummies are included in all the specifications of Panel A. In Panel B, the two-way individual fixed
effects are added instead of the block group fixed effects. Standard errors are shown in parentheses. *significant at 10% level; **significant at
5% level; ***significant at 1% level.
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Table 3.A2: Correlation between individual and block average characteristics, by
borough

Manhattan Bronx Brooklyn Queens Staten Island
(1) (2) (3) (4) (5)

female -0.006 0.01 -0.005 -0.004 0.028
white 0.069* 0.106* 0.061* 0.04* 0.052*
black 0.016 0.044* 0.062* 0.043* 0.061*
hispanic 0.024 0.054* 0.059* 0.025* 0.031
asian 0.009 -0.017 0.066* 0.041* 0.016
frpl -0.005 0.035* -0.008 0.002 0.024
8th grade Math scores 0.028 0.015 0.016 0.04* 0.034
8th grade English scores 0.008 0.046 0.039* 0.017 0.047*

Notes: This table reports estimates of correlation between a series of individual characteristics and
the corresponding average characteristics of other individuals residing on the same block but not
in the same household. In all columns, correlations conditional on block group fixed effects are
reported. *indicates significance at 10% level.
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Table 3.A3: Commutativity of Peer Groups

Distance Ranks, i=
Probability of an invidual being the j’s closest neighbor of his ith closest neighbors

j=1 j=2 j=3 j=4 j=5 j=6 j=7 j=8 j=9 j=10

1 0.375 0.126 0.080 0.055 0.042 0.033 0.027 0.023 0.019 0.017
2 0.126 0.258 0.117 0.080 0.057 0.043 0.034 0.028 0.023 0.019
3 0.080 0.117 0.198 0.105 0.077 0.058 0.044 0.035 0.029 0.024
4 0.055 0.080 0.105 0.161 0.094 0.073 0.057 0.045 0.036 0.030
5 0.042 0.057 0.077 0.094 0.137 0.085 0.069 0.056 0.046 0.037
6 0.033 0.043 0.058 0.073 0.085 0.119 0.078 0.065 0.054 0.045
7 0.027 0.034 0.044 0.057 0.069 0.078 0.106 0.072 0.062 0.052
8 0.023 0.028 0.035 0.045 0.056 0.065 0.072 0.095 0.067 0.058
9 0.019 0.023 0.029 0.036 0.046 0.054 0.062 0.067 0.087 0.062
10 0.017 0.019 0.024 0.030 0.037 0.045 0.052 0.058 0.062 0.079

Notes: This table reports the probability of an individual being his close neighbors’ close neighbor. By construction, each student’s peer group
(his ten nearest neighbors) is individual-specific and thus the peer groups among neighbors are partially overlapping. For each row, given that
one is the student’s ith closest neighbor, I calculate the mean probability of the student being the ith closest neighbor’s first, second, ..., and
tenth closest neighbor.
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Appendix A

Appendix to Chapter 1

A.1 Constructing List of Small High Schools

Data Sources for School Sample

There is no comprehensive list of new small high schools created during school years

2002-03 and 2007-08. We assembled a master list of small schools from the following

sources:

1) NYC Department of Education Publications

– Directory of NYC Public High Schools 2002-2003

This directory indicates on the top of each page whether a school is new.

44 school programs are listed as new in the directory, three of them are

exam schools. The remaining 41 school are in the master list.

– Supplementary Directory of NYC Public High Schools, 2004, 2005, 2006

These directories were distributed to participants in the High School (HS)

Match to provide information on new small schools, which were not in-

cluded in the HS Directory. 50 schools are listed in the 2004 directory, 30
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schools are listed in the 2005 directory, and 18 schools are listed in the

2006 directory. These 98 schools are in the master list.

2) New Visions Publications

– 2005-06 Guide to NYC Small High Schools

In 2005, the New Visions for the Public Schools published a separate guide

to NYC small high schools listing 220 small schools. 115 of these schools

are not in the 2002-2003 directory or Supplementary Directories, and are

therefore added to the master list.

– Annual Reports from New Visions for Public Schools, 2005, 2007, 2008,

2010

The appendix of the Annual Reports of the New Visions for Public Schools

includes a list of small schools supported by New Visions. We collected

all annual reports available online, covering years 2005, 2007, 2008 and

2010. 109 schools are in the 2005 report, but each is already in the master

list. 120 schools are in the 2007 report, 4 of which are not yet in the

master list. 98 schools are in the 2008 report, 43 of which are not yet in

the master list. 98 schools are in the 2010 report, 8 of which are not yet

in the master list.

– The Fund for Teachers list of New Visions-Affiliated New York City Public

Schools

The Fund for Teachers, a group supporting teacher training, assembled

a list of 194 New Visions affiliated New York City Public Schools. 10 of

these schools are not yet in the master list.

3) Other Outside Reports
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– New Century High Schools and the Small Schools Movement in New York

City – Interim Report

There are 81 schools in this report, all of which are already in the master

list.

– Approaches of Bill & Melinda Gates Foundation-Funded Intermediary Or-

ganizations to Structuring and Supporting Small High Schools in New York

City Foley et al. (2010)

We visit each intermediary organization’s website to collect the list of

schools they support. We visited websites of the following organizations:

Asia Society, Big Picture Learning, City University of New York (CUNY),

Coalition of Essential Schools, College Board, Diploma Plus, Good Shep-

herd Services, Institute for Student Achievement, Internationals Network

for Public Schools, Johns Hopkins University (JHU), National Academy

Foundation, National Council of La Raza (NCLR), New Visions for Public

Schools, New York City Outward Bound Center, Replications, The Urban

Assembly, Woodrow Wilson National Fellowship Foundation (WWNFF),

and Young Women’s Leadership Network. The Early College High School

Initiative lists CUNY, NCLR and WWNFF schools at their website. We

identify a total of 324 schools from these 18 Intermediary websites, 147

of which are not yet in the master list. Many of these additional schools

admit students at 6th grade, are screened, or are created after 2008 and

therefore will be ineligible. Diploma Plus and Good Shepherd Services are

primarily involved in transfer schools serving over-age students with diffi-

culty in fulfilling graduation requirements, so these schools are excluded

from the sample. Johns Hopkins Talent Development High Schools op-

erate schools which are not necessarily small high schools and therefore
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excluded.

– Transforming the High School Experience: How New York City’s New

Small Schools Are Boosting Student Achievement and Graduation Rates?

Bloom et al. (2010)

There are a total of 109 schools in this report, 1 of which is not yet in the

master list.

Eligible Unscreened Small Schools

There can be multiple school programs at a school, and applicants rank programs in

the HS match. The HS match files (further described below) include the correspon-

dence between program code and school building code (DBN code). If a program

code is not linked to a school building code, we look up the building code in subse-

quent year’s high school directories.

Combining the list of schools identified above, there are a total of 466 school

programs. To be an eligible small school, we impose two additional restrictions.

First, we require that a school is created in or after 2002 and is created before or in

2008. New programs in the 2002-03 Directory of the NYC Public High Schools are

founded in 2002. We identify the opening years for the other remaining programs by

using the opening year listed in the 2005-06 Guide to NYC Small High Schools, if

available. If the opening year of a program cannot be identified from these sources,

we define the opening year based on the enrollment and ranking year as follows:

First, we exclude programs at schools that have students enrolled in grade 12 in

2004, inferring that the school was open before 2002. Second, we include any school

for which the first year a program at their school is listed as a choice is a year between

2004-05 through 2007-08.

Next, we eliminate any small schools that screen applicants. Schools with Audi-

tion, Educational Option, Screened, and Test admissions types are excluded, while
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Unscreened, Limited Unscreened, or Zoned schools are included.

Table A1 lists 151 programs in 143 schools that form our eligible small school

program sample.

A.2 Data Sources for Student Applications, Outcomes, and School
Surveys

The New York City Department of Education is the source for four datasets: 1) high

school match and student enrollment office files containing student rankings, eligibil-

ity and priorities for each school as well as demographic information on applicants

at the time of application, 2) registration and enrollment files which contains school

attendance information from the Office of School Performance and Accountability, 3)

outcome files for baseline tests, Regents tests, graduation, credits, attendance, Col-

lege Board (PSAT, SAT, and AP) assessments, and National Student Clearinghouse

college information and 4) School Climate Surveys. We describe these data sets in

turn and provide details on the procedures used to construct the analysis sample.

High School Match and Student files

The High School Application Processing System (HSAPS) is maintained by the Stu-

dent Enrollment Office (formerly the Office of Student Enrollment and Planning

Operations, OSEPO), which oversees the high school admissions process. The Stu-

dent Enrollment office provided us access to files used in the HS match for five school

years 2003-04 through 2007-08, for initial placement of students into high school in

school years 2004-05 through 2008-09.

All students interested in attending a New York City high school participate by

submitting a rank order list of up to 12 schools. The high school match files contain

students’ choice schools in preference order, the priority that a student obtains at

each school, and the high school assignments at the end of the main round of the
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match (the main round follows the assignment of Specialized High Schools).

In addition to the match files, the student file has demographic information such

as gender, race, home language code, and borough of residence for each student.

These files also include a student’s LEP and SPED status for application years 2003-

04 through 2006-07. LEP and SPED status for 2007-08 are provided in enrollment

files (see below). Each file for a given application year contains a unique student ID

number, which allows us to merge the files together.

Registration and Enrollment files

The registration file is from the Office of School Performance and Accountability

and is available as part of data underlying school progress reports. The registration

and enrollment cover all public school students in grades 9 to 12 for school years

2002-2003 through 2009-2010.

This data set includes each student’s ID, grade, and current school as of October

in the school year. The registration data are used to determine whether and for how

many years a student enrolls in a small school, where a student who is enrolled in

October is counted as enrolling for the entire year. Starting in 2004-05, there is a

separate file which contains a list of all students who obtain a subsidized school lunch

in that year. This variable is used to code subsidized lunch status for applicants using

the application year. For applicants in 2003-04, 2004-05, and 2005-06, we used the

lunch status record from 2004-05. For application cohort in 2006-07, we used the

lunch status record from 2005-06. For application cohort in 2007-08, we used the

lunch status record from 2006-07. Table B1 indicates the steps involved in processing

the high school application file and merging it with the Student Enrollment files.

From the file of high school applicants, we eliminated 9th grade applicants (since

the main entry point is the 8th grade), private school applicants (based on whether

their ID starts with the letter “A”) and those who do not submit a New York City
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Public School Admissions Application (based on the Main Round HS ranking file).

These correspond to columns 2-4 in Table B1. Further sample restrictions to identify

the applicants subject to lotteries are described below.

Identifying Admissions Lotteries

Table B1 describes additional steps involved towards identifying admissions lotter-

ies from the high school application file. In the first few years of the high school

match, the enrollment office had discretion on the placement of limited English pro-

ficient and special education students, so we exclude them from the lottery sample.

We also exclude students who are rated top 2% performers in a standardized En-

glish Language Arts exam since they are guaranteed a seat if their first choice is an

Educational Option school.

The next step is to eliminate students who do not rank a small school program as

their first choice. A student’s priority at a program is determined by two variables:

priority group and hs rank. priority group is an integer that is determined by factors

such as students’ borough of residence. hs rank is an integer entered by schools, which

may be determined by eligibility, whether the student visited school open house, etc.

Programs that screen students also enter their ranking of students via hs rank. A

finer hs rank indicates that the program is screening applicants. Therefore, if the

maximum hs rank is greater than 10 for a program in a given year, the program is

likely screening applicants and is not part of the lotteried set.

A program may give precedence to either the priority group variable or the

hs rank variable in determining a student’s final priority. For example, consider

a school that gives precedence to priority group. A student has higher (i.e. better)

priority if he has a lower priority group number. Among two students who have

the same priority group number, the one with the lower hs rank has higher priority.

We identify the “lotteried priority” at a school as the priority group-hs rank cell
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where some students who rank the school first are offered a seat, and others are not.

We only include lotteried priority (given by priority group-hs rank cells) where 1)

some of the students in the priority group-hs rank cell are not assigned the school,

2) no student with priority group-hs rank cell higher than the lotteried priority at

the school is assigned a lower school in her choice list, and 3) no student in a pri-

ority group-hs rank lower than the lotteried priority at the school receives an offer

from the program.

Among students within the lotteried priority, a student’s offer variable is coded

as 1 if he is assigned to the school program; it is coded 0 otherwise.

Outcomes: Baseline test files

The baseline test file has 8th grade scores on New York State Education Department

Math and English Language Arts for each student indexed by student ID and spans

years 2003 through 2008. Each year, we standardized scores to have mean zero and

standard deviation one for each test among all test takers in New York City. These

serve as our baseline math and English scores.

Outcomes: Regents test file

The NYC Regents test file contains the date and raw score for each tested student

from 2004 to 2010. Regents exams are mandatory state examinations where perfor-

mance determines whether a student is eligible for a Regents high school diploma in

New York. There are Regents examinations in English, Global History, US History,

and multiple exams in math and Science. A Regents exam typically has a multiple

choice section and a long answer or essay component, and each exam usually lasts

for three hours. The English exam, however, consists of two three-hour pieces over

two days. The exam has a locally graded component and Dee, Jacob, McCrary, and

Rockoff (2011) illustrate how test scores bunch near performance thresholds.
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The New York State Board of Regents governs and designs the Regents exams.

Starting in 2005, they started to modify the math exams. At the beginning of our

sample, the two math exams were Elementary Algebra and Planar Geometry (Math

A) and Intermediate Algebra and Trigonometry (Math B). Two new math exams,

Integrated Algebra I (Math E) and Geometry (Math G), have since been phased

in. Since students typically either take Math A or Math E, we focus on the score

on the test taken first, taking the Math A score when both are contemporaneous.

There are Regents science exams in Earth Science, Living Environment, Chemistry,

and Physics. The science outcome we focus on is Living Environment because it is

the most commonly taken Regents science exam. English and US History Regents

exams are typically taken in 11th grade. In Table B2, for each test, we report the

number of applicants and the number of test scores we observe.

Since students may take Regents exams multiple times, there can be multiple

test scores per student in the Regents test file. Table B2 presents the number of

students who have taken each exam more than once among small school applicant

sample. The Regents file does not have the test date, and instead only has a vari-

able indicating the term (”termcd”). Based on discussions with the DOE, we either

convert term to fall, if the termcd is “1”, “5”, “a”, or “A” and to spring if the

termcd is “2”, “3”, “4”, “6”, or “7”. The DOE indicated that there are exceptions

at the following school DBNs where the termcd of “2” refers to the fall semester:

79M573, 79M612, 32K564, 02M560, 10X319, 02M575, 22K585, 12X480, 03M505,

02M570, 21K525, 21K540, 19K409, 17K489, 15K698, 14K454, 14K640, 07X379,

11X265, 15K529, 08X377, 05M285, 21K728, 02M303, 25Q792, 18K578, 24Q520, and

19K431. If a student takes the test more than once after 9th grade, we used the test

score from the earliest date. There are a small number of cases where there is more

than one score on the same date, and this date is the first date after entering 9th

grade. In some of these cases, there are two different test codes, where one code ends
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with a “2.” We used the score corresponding to the test that does not end with a

“2.” Otherwise, we treated the score as missing.

Some students may also take Regents exams before exam school enrollment. Table

B2 shows the fraction of students who take exams before enrolling in an exam school.

With the exception of Math where the fraction is small, almost no students take a

Regents exam before entering high school. Students who have scores before the

9th grade are omitted for that outcome because they tested prior to potential small

school enrollment.

Most Regents exams are offered in January, June, and August, with most students

usually taking tests in June. The exact number of students who take the exam before

9th grade, the number who take the exam more than once after 9th grade, and the

number who take the exam on a date other than the most common test date are

presented in Table B2.

For each subject, we standardized scores to have mean zero and standard devia-

tion one within year-term-subject among all subject test takers among the cohort of

applicants in the HS match for years 2003-04 to 2007-08.

Outcomes: Credits

The Credit file indicates the total number of high school credits a student earned in

a given year covering years 2005-2011. We study three measures of credits: 1) total

credits per year, 2) an indicator if credit requirement for promotion is met, i.e. credit

is greater than or equal 10, and 3) an indicator if credit requirement for graduation

is met, i.e. credit greater than or equal 11.

Outcomes: Attendance

The Attendance file contains information on student absences for each school year

and term. The file covers school years from 2003-04 to 2008-09. If a student switches
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schools, there are multiple observations within the year for the student. We total

the days of absence in these cases within the year.

Outcomes: High School Graduation

The Graduation file contains the discharge status of all public school students from

2005 to the Spring 2012. For application cohorts 2003-04, 2004-05, 2005-06, 2006-07

and 2007-08, students should start school in Fall 2004, Fall 2005, Fall 2006, Fall

2007 and Fall 2008 and graduate on-time in Spring 2008, Spring 2009, Spring 2010,

Spring 2011 and Spring 2012, respectively. We do not report graduation in 5 years

or 6 years.

To code graduation type, we use the following discharge codes:

a) 26, 30, and 61 (discharge codes for a local diploma)

b) 27, 46, and 60 (discharge codes for a Regents diploma)

c) 28, 47, and 62 (discharge codes for an Advanced Regents diploma)

It is possible for students to have graduated with several different discharge files.

In such cases, we take the highest ranking diploma received. For instance, if a student

received both a local and Regents diploma, then we code her as obtaining a Regents

diploma. Similarly, if a student is listed as receiving a Regents and an Advanced

Regents diploma, we code her as receiving Advanced Regents. Consequently, there

is a unique graduation outcome for each student.

Outcomes: College Board (PSAT, SAT, and APs)

The College Board provides NYC DOE with reports on the test performance of all

NYC test-takers from 2006 through 2012. The match rates of our application cohorts

is shown in Table B3. When there is more than one test score available for applicants,

we use the maximum test score.
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Outcomes: National Student Clearinghouse

The NYC Department of Education matches data on seniors to National Student

Clearinghouse (NSC) files, which record information on enrollment at over 90 percent

of American 4-year colleges and universities. The data were submitted by the NYC

DOE for students based on graduation or GED cohorts for a 4 or 6 year cycle. The

file we have is from the list of students in a graduation cohort in 2009-2012, and was

submitted to the NSC in January 2013. A college is coded as a four year college if

the highest degree offered by the college is 4 years, even if a student is enrolled in

a 2 year program. In 2011 and 2012, parents could opt out of the National Student

Clearinghouse. The DOE estimates that only roughly 100 parents opted out. Table

B3 shows the number of applicants we observe with NSC outcomes.

The NYC DOE reports that the following colleges with more than 1,000 students

are not in the National Student Clearinghouse. The two main colleges are Rutgers

and Columbia University. Other colleges which are not in the NSC are ASA Institute

of Business and Computer Technology, the United States Military Academy, Bard

College, St. Thomas Aquinas College, Briar Cliffe College in Bethpage, United

Talmudical Seminar, Art Institute of New York City, UTA Mesivta or Kiryas Joel,

Boricua College, the American Musical and Dramatic Academy, and the Mildred

Elley School.

The most common colleges attended in our lottery sample are CUNY Borough

of Manhattan, CUNY Bronx Community College, CUNY New York City College of

Technology, CUNY Lehman College, CUNY LaGuardia Community College, CUNY

College of Staten Island, CUNY Kingsborough Community College, CUNY Hostos

CMTY College, CUNY Queensborough Community College, and CUNY John Jay

College of Criminal Justice.
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A.3 NYC School Climate Surveys

In the 2006-07 school year, the NYC Department of Education initiated a Learning

Environment Survey to collect information from students in grades 6-12, parents,

and teachers about school practices. The survey is administered every year and the

response rate for the years we use are as follows:

Parent Teacher Students Total
2006-07 216,914 (26%) 31,592 (44%) 338,201 (65%) 586,707 (40%)
2007-08 347,829 (40%) 48,002 (61%) 410,708 (73%) 806,539 (55%)
2008-09 381,543 (45%) 57,822 (73%) 410,299 (80%) 849,664 (59%)

We use data on school surveys obtained online at http://schools.nyc.gov/Accountability/tools/

survey/default.htm (last accessed, July 2013). Even though response rates have in-

creased over time, we only use data from surveys for three years from 2007-2009

because our goal is to characterize the school environment experienced by the stu-

dents in our sample.

The school survey contains four parts: engagement, safety and respect, commu-

nication, and academic expectations. Though there is some overlap between these

categories, the DOE defines them as follows:

1) Engagement : engage all parents, teachers, and students in an active and vi-

brant partnership to promote student learning.

2) Safety and Respect : ensure that all members of the school community feel phys-

ically and emotionally secure, allowing everyone to focus on student learning.

3) Communication: provide information about school’s educational goals and offer

appropriate feedback on each student’s learning outcomes.

4) Academic Expectations : encourage students to do their best by developing

rigorous and meaningful academic goals.
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Students, parents, and teachers are asked to fill out questions related to each of

these aspects of schooling. Each question response is awarded a score between 0 and

10, with 10 reflecting the score most favorable to a school’s learning environment.

The DOE converts each question into a score using a school survey model DOE

(2012d). Scores on surveys contribute to a school’s progress reports, representing

10-15% of school’s grade. Rockoff and Speroni (2008) provide further analysis of the

comparability of survey responses from students, teachers, and parents from 2008.

The survey classifies schools into nine groups: Early Childhood Center, Elemen-

tary School, Elementary/Middle School, K-12 School, Middle School, Middle/High

School, High School, Transfer School, and YABC. We standardize scores with zero

mean and unit variance within survey year and school type. For each school, we

compute an average of three years weighted by the number of respondents for each

question. We merge school survey attributes to enrollment by school (not program).

A.4 Matching Datasets and the Analysis Sample

We merged high school match files and the student file, then matched the merged file

to the registration file for grade 8. Next, we merged baseline scores for students for

whom they are available. Finally, we merged the dataset of cleaned Regents outcome

scores. For each test, we compute the implied years of small school attendance

based on the test date and enrollment status. If a student took a Regents test

in the fall semester, we computed years assuming the exam date is January 31st.

Otherwise, we compute years assuming the exam date is June 1st. The resulting file

is our analysis sample for the Regents outcomes. We follow a similar approach for

credit, attendance, and graduation outcomes. We compute grade progression from

enrollment files. The NYC DOE’s College Board and National Student Clearinghouse

files are matched to the set of lotteried small school applicants.
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Table 2.B1: Processing of Small School Application Data from HS Match

Excluding applicants Excluding limited English
Total number of Excluding applicants not in the Main round of proficient and special

Application Year records Excluding 9th graders from private schools the application process education students
(1) (2) (3) (4) (5)

2003-04 173,855 92,070 81,191 72,637 59,140
2004-05 191,108 96,949 86,662 73,502 59,802
2005-06 192,231 96,631 86,683 72,000 58,012
2006-07 181,262 91,637 81,984 70,575 56,668
2007-08 78,995 78,995 78,995 65,501 53,966

All Years 817,451 456,282 415,515 354,215 287,588

Excluding students
Excluding students not Excluding applicants without any post-

Excluding top 2% ranking small schools Excluding applicants participated in lotteries assignment numeric
Application Year students as first choice not in valid lotteries of previous year outcome test scores

(6) (7) (8) (9) (10)
2003-04 57,345 4,522 1,067 1,067 1,052
2004-05 59,033 6,716 1,967 1,939 1,901
2005-06 56,912 7,312 2,487 2,429 2,391
2006-07 55,913 7,720 3,315 3,240 3,198
2007-08 52,708 8,291 1,582 1,556 1,541

All Years 281,911 34,561 10,418 10,231 10,083

Notes: This table summarizes the steps going from raw application data to the analysis sample.
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Table 2.B2: Match from Small School Applicants to Regents Test Score Outcomes

Record Availability

Application School Year
2003-04 2004-05 2005-06 2006-07 2007-08 All Years

(1) (2) (3) (4) (5) (6)

Panel A. Math
Number of applicants 1,067 1,939 2,429 3,240 1,556 10,231
Number with score observed before application 29 20 53 149 64 315
Number with score observed after application 802 1,415 1,745 2,393 1,169 7,524
Number with different multiple scores ob-
served after application

247 644 808 1,164 534 3,397

Number with different multiple scores ob-
served after application, on first date

1 5 0 2 2 10

Number with score observed on most common date 498 662 720 1,435 678 3,993
Number with score observed before most common date 194 507 753 179 47 1,680
Number with score observed after most common date 109 241 272 777 442 1,841

Panel B. English
Number with score observed before application 0 0 0 0 1 1
Number with score observed after application 778 1,353 1,709 2,331 1,091 7,262
Number with different multiple scores ob-
served after application

223 458 650 701 352 2,384

Number with different multiple scores ob-
served after application, on first date

0 1 1 15 5 22

Number with score observed on most common date 310 549 674 993 456 2,982
Number with score observed before most common date 168 278 394 455 291 1,586
Number with score observed after most common date 300 525 640 868 339 2,672

Panel C. Global History
Number with score observed before application 0 0 0 0 0 0
Number with score observed after application 797 1,365 1,673 2,276 1,069 7,180
Number with different multiple scores ob-
served after application

254 640 692 823 371 2,780

Number with different multiple scores ob-
served after application, on first date

0 5 2 9 1 17

Number with score observed on most common date 475 809 933 1,315 723 4,255
Number with score observed before most common date 26 62 151 165 85 489
Number with score observed after most common date 296 489 587 787 260 2,419

Panel D. US History
Number with score observed before application 0 0 0 0 0 0
Number with score observed after application 716 1,256 1,608 2,163 933 6,676
Number with different multiple scores ob-
served after application

215 399 492 494 174 1,774

Number with different multiple scores ob-
served after application, on first date

0 0 1 2 2 5

Number with score observed on most common date 393 624 887 1,180 641 3,725
Number with score observed before most common date 240 403 468 572 214 1,897
Number with score observed after most common date 83 229 252 409 76 1,049

Panel E. Living Environment
Number with score observed before application 0 0 0 0 0 0
Number with score observed after application 788 1,326 1,645 2,189 1,046 6,994
Number with different multiple scores ob-
served after application

157 447 511 598 232 1,945

Number with different multiple scores ob-
served after application, on first date

0 1 0 2 1 4

Number with score observed on most common date 307 473 749 1,050 491 3,070
Number with score observed before most common date 2 7 42 123 39 213
Number with score observed after most common date 479 845 854 1,014 515 3,707

Notes: This table summarizes the match between Regents test score outcomes and lotteried small
school applicants. The sample is restricted to students in column (10) of Table B1.
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Table 2.B3: Match from Small School Applicants to Outcome Data

Application Number of Students Years Most Common Matching Rate
Cohort in Sample Observed Years Observed Total Offered Not Offered

Panel A. Credits
2003-2004 1,067 2005-2011 2005-2008 0.922 0.926 0.914
2004-2005 1,939 2005-2011 2006-2009 0.943 0.949 0.937
2005-2006 2,429 2005-2011 2007-2010 0.929 0.942 0.920
2006-2007 3,240 2005-2011 2008-2011 0.921 0.932 0.911
2007-2008 1,556 2005-2011 2009-2011 0.939 0.927 0.947

Panel B. Attendance
2003-2004 1,067 2005-2010 2005-2008 0.988 0.986 0.991
2004-2005 1,939 2006-2010 2006-2009 0.985 0.986 0.984
2005-2006 2,429 2007-2010 2007-2010 0.978 0.984 0.974
2006-2007 3,240 2008-2010 2008-2010 0.970 0.973 0.968
2007-2008 1,556 2009-2010 2009-2010 0.993 0.985 0.998

Panel C. Graduation
2003-2004 1,067 2008-2012 2010 0.799 0.799 0.797
2004-2005 1,939 2009-2012 2011 0.812 0.836 0.788
2005-2006 2,429 2010-2012 2012 0.798 0.823 0.780
2006-2007 3,240 2011-2012 2012 0.815 0.826 0.803
2007-2008 1,556 2012 2012 0.814 0.803 0.821

Panel D. PSAT
2003-2004 1,067 2004-2008 2005-2006 0.604 0.631 0.550
2004-2005 1,939 2002-2010 2006-2007 0.624 0.660 0.588
2005-2006 2,429 2005-2011 2007-2008 0.636 0.679 0.604
2006-2007 3,240 2007-2011 2008-2009 0.660 0.705 0.616
2007-2008 1,556 2008-2012 2009-2010 0.673 0.687 0.664

Panel E. SAT
2003-2004 1,067 2006-2010 2007 0.425 0.450 0.372
2004-2005 1,939 2007-2011 2008 0.326 0.331 0.321
2005-2006 2,429 2008-2012 2009 0.297 0.342 0.264
2006-2007 3,240 2009-2012 2010 0.374 0.399 0.350
2007-2008 1,556 2010-2012 2011 0.393 0.423 0.374

Panel F. Advanced Placement
2003-2004 1,067 2006-2008 2007-2008 0.070 0.058 0.095
2004-2005 1,939 2007-2009 2008-2009 0.054 0.051 0.056
2005-2006 2,429 2007-2011 2009-2010 0.091 0.111 0.076
2006-2007 3,240 2008-2012 2010-2011 0.123 0.147 0.100
2007-2008 1,556 2009-2012 2011-2012 0.107 0.132 0.089

Panel G. National Student Clearinghouse
2003-2004 1,067 2009-2012 n.a 0.004 0.001 0.009
2004-2005 1,939 2009-2013 2009-2012 0.401 0.444 0.359
2005-2006 2,429 2009-2013 2010-2012 0.395 0.439 0.363
2006-2007 3,240 2009-2013 2011-2012 0.400 0.431 0.370
2007-2008 1,556 2010-2013 2012 0.293 0.316 0.277

Notes: This table summarizes the match between credit, attendance, graduation, College Board,
and National Student Clearinghouse outcomes and lotteried small school applicants. The sample
is restricted to students in column (10) of Table B1.
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Appendix B

Appendix to Chapter 2

B.1 Data Appendix

This appendix describes the exact procedure I use to determine peer groups and

calculate the peer characteristics and outcomes used in the analysis.

B.1.1 Geographic Data and Neighborhood Peers

In the student data provided by the NYC DOE, we have the exact home addresses

(house number, street name, apartment floor and zip code)1. In order to compute

the distances between neighbors, I need to convert the home addresses to the latitude

and longitude data. In this project, I have millions of addresses to be geocoded so the

popular method of working in STATA using Google Maps “geocode” is not suitable

for my project, as Google has a limit of 2500 geocodes per day. As a result, I use the

standard geocoder ArcGIS to geocode large number of addresses in the geographic

coordinate system WGS84. The accuracy of a match returned by a search depends

1 Numerous steps were taken to protect the human subjects in the study. First, as the researchers,
our copy of the data did not include names but rather unique randomly assigned ID numbers
“osisid”. Second, the data is saved on a password protected server, which only researchers with
permission can get access to.
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on the amount and quality of information submitted. As our data is of high quality

and complete information, over 92% of the addresses are exactly matched2. The left

unmatched 24,392 records are saved separately and then matched in STATA using

“geocode”, which is powerful in geocoding addresses with weird formatting, spelling

errors or missing information. Because of the daily limit of the Google Maps API

service, it takes 10 days to get the latitudes and longitudes for these left records.

With the latitude and longitude data at the individual level, I define the neigh-

borhood peers in two ways: First, I rank each student’s neighborhood peers from

the closest to the most distant by distance using the geodetic distance with the user-

written program “geonear” in STATA. I then exclude the peers living in the same

household as the individual himself. Among the rest neighborhood peers, I define my

interested peer group as “the ten closest neighbors” and the reference group as “the

fifty closest neighbors”. As explained in the main text and well documented in the

literature, most interactions happen among immediate neighbors and also the plots

on choice similarity demonstrates that the social interactions decay significantly with

distance. Using this “distance rank approach”, the defined peer group is individual

specific.

Second, I define the neighbor peers using the geographic concepts defined by

the Census Bureau. Specifically, I first download the NYC geographic boundary

files from the 2010 Census Data and then do the spatial joining process by the

street name, city, state and zip code in ArcGIS to obtain the block and block group

number for each address. A census block is the smallest geographic concept used

by the Bureau to get 100-percent data. A census block group is the second smallest

geographic concept. Alternatively, I define the neighbor peer as those who reside

in the same census block but not in the same household. Meanwhile, the reference

2 ArcGIS can be sensitive to spelling mistakes and often requires addresses to be extensively
cleaned before they can be geocoded successfully.
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group is defined as the set of students living in the same block group but not in

the same household. This means that the population of students is partitioned in

groups. Students in a certain peer group have the same set of peers. The definition

of peers is group-specific rather than individual-specific.

B.1.2 Construction of Peer Measures

In my baseline model, all neighbor peers’ choices are assumed to have equal influence

on the individual’s own choice. The arithmetic mean outcome or mean predetermined

characteristics of peers is used to represent the individual’s peers in the linear in

means model3. In this way, peer exposure to characteristics cj is calculated by the

following equation:

peermeani =
∑
j∈Pi

wij ∗ cj

where Pi is the set of individual i′s neighbor peers; wij is the weight of individual

j′s impact on student i′s choice. In our baseline model of equal influence, wij = 1
|Pi| .

Here, |Pi| is the number of students who are individual i′s neighbor peers, which is

always ten in the definition of distance peers. To address the reflection issue, the

older neighbor peers ranking schools in previous years are used to construct peer

measures. Specifically,

peermeani =
∑

j∈Pi,appyrj>appyri

wij ∗ cj

However, spatial proximity of contacts’ home location turns out be relevant. As

can be seen in the choice similarity plots over distance rank intervals of Figure 1,

3 This is also a popular approach used in the econometrics of social interactions literature including
Manski (1993). In the literature of peer effects, mean outcome or attributes of all subjects within
a peer group is widely used to represent the peer value. Also, the linear in means model is used as
a starting point to study the influence of peers.
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physical proximity increases the likelihood of interaction. Especially, in the sparsely

populated areas where the distance from an individual’s home to his tenth neighbor

could be 200 meters. It is difficult to imagine that every neighbor peer from the

nearest to the most distant has the same influence. As a result, I define an alternative

weighted peer measure which incorporates the residential distance between a student

and his peers.

wij =
exp−dij∑
j∈Pi

exp−dij

Here, dij is the distance between individual i and j′s home locations. Note that this

function is maximal when student j lives extremely close to i.

Another concern is that the influence of neighbors decays over time. Students

with the most up-to-date information on school choice may have greater impact. To

incorporate this notion into the model, the weight is defined as:

wij =
exp−|appyri−appyrj |∑
j∈Pi

exp−|appyri−appyrj |

Where, appyri is the year in which individual i participates in the school choice pro-

cess. By definition, the neighbor peers in the same application cohort have greatest

influence using this weighting scheme. The effects of social interactions using the

distance weighted peer measures are reported in the following table.
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