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Abstract

Many school districts in the United States and abroad offer students a choice of schools,
with seats at highly demanded schools apportioned using a centralized mechanism with ran-
dom rationing. This paper studies how welfare and academic outcomes depend on the assign-
ment mechanism when school choice participants are not fully informed of their admissions
chances. We estimate an empirical model of school choice that incorporates heterogeneity in
preferences, strategic behavior, and subjective beliefs about admissions chances. To do so, we
combine survey data on beliefs and preferences for school choice participants with administrative
records of the school choice process in New Haven, Connecticut. We use the estimated model to
evaluate the individual and equilibrium effects of counterfactual policies such as a) improving
households’ information about the lottery mechanism, and b) switching to the strategy-proof
student-proposing deferred acceptance algorithm on the distribution of welfare and test scores.
Survey results show that beliefs about admissions probabilities associated with actual and hypo-
thetical application portfolios are correctly centered around zero but have a large mean absolute
error, with larger absolute errors for families from poorer neighborhoods. Our model estimates
suggest that, given households’ observed strategic sophistication and beliefs about admissions
chances, switching to a deferred acceptance algorithm would raise total welfare, with bigger
gains for families from poorer neighborhoods.
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1 Introduction

Many cities in the United States and abroad have replaced neighborhood-based school assignment
with policies offering students a choice of schools within broader geographic areas. However, space
in desirable schools is limited, and school choice policies must ration seats somehow. A common
approach is to conduct a centralized assignment process that elicits rank-order lists of schools
from applicants and uses a combination of coarse priorities and random lotteries to assign seats
at schools with excess demand.1 Centralized assignment mechanisms have the potential to raise
welfare and improve academic outcomes by reducing congestion in the assignment process and
helping students match to schools they like. Theoretical work emphasizes that, depending on the
assignment mechanism used, families who do not know their own priority group, the number of
slots available, or the distribution of other students’ preferences and priorities may benefit less from
school choice than those who do (Pathak and Sönmez, 2008). However, there is limited empirical
evidence on what students do and do not know about the school choice process and how this affects
the allocation of students to schools under different mechanisms. Evidence on this topic is important
for policymakers seeking to design or improve school choice systems.

This paper studies how welfare and academic outcomes depend on the assignment mechanism
when school choice participants are not fully informed of their admissions chances. The empirical
approach combines a new household survey measuring the preferences, sophistication, and beliefs
of potential school choice participants with administrative records of school choice and academic
outcomes to estimate a model of school choice participation. We conduct this study in the context of
the public school district in New Haven, Connecticut (henceforth NHPS), which uses a centralized
mechanism closely related to the “immediate acceptance” or “Boston” algorithm to administer school
choice. This mechanism rewards fully-informed strategic behavior. Similar procedures advantaging
informed and strategic participants are employed by Cambridge MA, Charlotte NC, and Beijing,
among other cities. New Haven is a useful context in which to study how beliefs and preferences
interact with assignment mechanisms because a long history of centralized school choice has given
participants time to learn about the mechanism, and because it is an urban district with many types
of schooling options, including charter schools, themed magnet schools, and neighborhood schools.

We focus on three sets of questions. First, we use our survey data to describe families’ pref-
erences over schools and their beliefs about the school choice process. We consider both beliefs
about admissions probabilities and understanding of the assignment mechanism. Second, we ask
how the design of the centralized school assignment process affects welfare and inequality given
families’ information, understanding, and preferences. We consider the effects of replacing the
current mechanism with a deferred acceptance procedure, in which it is always optimal to report
one’s true preferences, on student welfare and academic achievement. Third, we ask whether there
is scope for reducing inequality and/or improving educational outcomes by providing information
about school choice. We evaluate a best-case information intervention allowing all households to

1Centralized school assignment mechanisms are used in Boston, New York, Chicago, New Orleans, Cambridge
MA, and Charlotte NC school districts, among others. For studies in these cities, see Abdulkadiroğlu et al. (2005a,b),
Cullen et al. (2006), Agarwal and Somaini (2014), and Deming et al. (2014).
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strategize optimally under the current mechanism.
A descriptive analysis of our survey and administrative data shows that many families misun-

derstand key aspects of the assignment mechanism and make large errors in their of estimates of the
admissions probabilities associated with different application portfolios. Less than twenty percent of
participants respond correctly to questions about the ordering of priority groups by sibling, neigh-
borhood, and submitted preference ranking. Beliefs about admissions probabilities are correctly
centered, with subjective beliefs exceeding rational expectations by only about 3 percentage points
on average. But the mean absolute difference between elicited and observed admissions probabilities
is 30 percentage points. For students from neighborhoods in the upper tercile of SES, the mean
absolute error is 25 percentage points, compared to 32 percentage points for students from other
neighborhoods.

Beliefs about admissions affect the applications students submit and their school placement
outcomes. Though 55% of students are ‘revealed strategic’ in the sense that they report a school
other than the one identified as their most-preferred option as their first choice on their submitted
rank list, 40% of these students submitted a first choice with a lower admissions probability than
their most-preferred option. Students with average absolute belief errors of greater than the median
value (roughly 25 percentage points) are 17 percentage points less likely to be placed in their most-
preferred school. Students from high-SES backgrounds are more likely to be placed in any school
and in their first-choice school. They also place in schools where OLS estimates of test score value-
added are higher. While value-added estimates at the schools listed as most-preferred by low-SES
students are only 0.01 student-level standard deviations (henceforth SDs) lower than those listed as
most-preferred by high-SES students, they are placed in schools where value-added estimates are
an average of 0.07 SDs lower.

Our descriptive findings suggest that differences between subjective and rational expectations
beliefs about admissions probabilities may play an important role in determining the distribution
of students across schools in immediate acceptance mechanisms. They may also affect comparisons
of the welfare properties of immediate and deferred acceptance mechanisms. To explore these
questions we combine our survey data with administrative records of the choice process to estimate
an empirical model of school choice that allows for mistaken beliefs about admissions probabilities.
We focus on a parsimonious model of belief formation in which students’ beliefs about their own
admissions rankings relative to the cutoff ranking for admission to each school are equal to the
true value plus a shift term. The shift term captures uncertainty about own admissions’ priority,
changes in aggregate demand that affect cutoff values, or both. We allow the shift to include both
an idiosyncratic person-school match specific component and a person-level shock that is common
across all matches. The latter term allows individuals to be optimistic or pessimistic.

Consistent with our descriptive analysis, model estimates suggest that individuals routinely mis-
estimate the marginal admissions round in which a school will fill its places: the standard deviation
of the belief shift term is equal to roughly one admissions round. For example, a student whose
admissions are shifted by one round might think a school will fill up with students from the zoned
neighborhood who listed a school second on their application, when in fact it fills up with students
from the neighborhood who listed it first. With parameter estimates in hand, we consider two
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counterfactual simulations. To evaluate these counterfactuals, we consider each family’s expected
utility, according to the utility they get from placement at each school and the rational-expectations
chances associated with their lottery application, as measured in units of miles traveled. Our first
counterfactual exercise shows that, given households’ errors about their admissions chances, switch-
ing to the student-proposing deferred acceptance algorithm raises total welfare, with particularly
large gains for low-SES students. Our second simulation shows that a best-case informational in-
tervention, one that would allow households to play Bayes Nash equilibrium in the game induced
by the New Haven mechanism, would further raise total welfare relative to the deferred acceptance
case.

Our work contributes to two distinct but closely related strands of research. First, by directly
eliciting both preferences and beliefs about admissions probabilities under different hypothetical ap-
plication portfolios, we analyze the effects of counterfactual policy changes without making strong
assumptions on applicants’ equilibrium play. Our survey data help us overcome the challenges asso-
ciated with separately identifying beliefs and preferences described by Agarwal and Somaini (2014),
and inform the active theoretical and empirical debate on the welfare properties of different school
choice assignment mechanisms. Our findings suggest that the ordering of deferred and immediate
acceptance mechanisms by welfare outcomes depends on the accuracy of students’ beliefs about ad-
missions chances. Though the immediate acceptance mechanism is preferable when students have
rational expectations about choice probabilities, the deferred acceptance mechanism raises welfare
given the distribution of belief errors we observe in our data.

A secondary contribution is that we evaluate the effect of school choice policy on the distribution
of achievement test scores by combining our model estimates with administrative enrollment and test
score data. Previous work estimating preferences in strategic school choice mechanisms has generally
focused on parent satisfaction (measured in terms of, e.g., distance-metric utility) while ignoring
achievement, even as an extensive parallel literature on the determinants of academic achievement
has largely ignored parental satisfaction. We bridge this gap by evaluating counterfactuals using
the distribution of OLS test score value added measures at the schools where students are placed
in addition to distance-metric utility.
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2 Literature on School Choice and Mechanism Design

Cities implementing centralized school choice have most often chosen one of two broad types of
assignment mechanisms. Cities including Boston, New York, and Denver have adopted student-
optimal stable matching mechanisms, which do not give incentives to misreport preferences (Ab-
dulkadiroğlu et al., 2005a,b, 2015b). In contrast, cities such as Charlotte NC, Barcelona, and
Beijing use immediate acceptance mechanisms.2 These mechanisms, popularly known as ‘Boston’
mechanisms for their similarity to an assignment mechanism used in Boston but later replaced by
a student-optimal stable matching mechanism, reward careful strategizing on the part of school
choice participants (Abdulkadiroğlu et al., 2006). There is an extensive theoretical literature on the
properties of different school choice mechanisms. See Pathak (2011) for a review. This literature
provides conditions under which all students prefer the Boston mechanism to the student-optimal
stable matching mechanism, and others under which it is (weakly) worse for all students (Ergin and
Sonmez, 2006; Abdulkadiroğlu et al., 2011).3 Which mechanism will perform best in a particular
district or set of districts is therefore an empirical question, the answer to which depends on the
distribution of preferences, beliefs, and strategic sophistication in the population of participants.

A growing empirical literature has generally found that the Boston mechanism outperforms
deferred acceptance in revealed-preference welfare measures under the assumption that participants
are informed and sophisticated, or deviate from optimal behavior in specific ways. Key papers are
Agarwal and Somaini (2014), Calsamiglia et al. (2014), He (2012), and Abdulkadiroğlu et al. (2015b).
Agarwal and Somaini (2014) assume, as a baseline specification, that participants are fully rational
and correctly anticipate their chances in the lottery when choosing applications. Calsamiglia and
Guell (2014) consider school choice under a Boston mechanism in Barcelona. They allow two types
of participants: one type is sophisticated and informed while the other type uses a rule of thumb
to determine choices. He (2012) takes strategic behavior into account and estimates preferences for
school characteristics taking advantage of specific institutional features to allow for heterogeneous
degrees of sophistication in a Boston-like mechanism.

It is ex ante unclear how the theoretical restrictions these authors place on equilibrium student
behavior affect their findings. In principle their role may be quite important. Agarwal and Somaini
(2014) show that, for any observed rank-order list, and any beliefs that put a probability strictly
between 0 and 1 on admission to each school, there exists a latent utility vector that rationalizes the
observed list given the beliefs. Therefore, without an exclusion restriction, an alternative theory, or
direct data on preferences or beliefs, any model that produces interior beliefs can be rationalized
with some set of preferences. Nonetheless, the policy conclusions depend on the inferred preferences,
which depend on assumptions about sophistication. For instance, Agarwal and Somaini (2014) show
that the estimated advantage of the Boston mechanism is attenuated if the researcher assumes that
some households are unsophisticated, or that they rely on the previous year’s admissions chances

2Barcelona: Calsamiglia and Guell (2014); Charlotte: Hastings et al. (2009); Denver: Abdulkadiroğlu et al.
(2015a); Beijing: He (2012).

3See also Pathak and Sönmez (2008), who provide a model in which sophisticated students benefit, and naive
students suffer, from the Boston mechanism.
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when calculating the expected value of each application portfolio. This paper uses survey data to
disentangle preferences from beliefs.

This paper is also related to two recent papers that seek to unpack school choice participation
decisions and reports in strategic settings. Dur et al. (2015) make use of data on website usage to
distinguish strategic and sincere participants in a school choice mechanism in Wake County, NC.
The school district maintains a website on which participants can submit their preferences. Students
who visit the site multiple times are assumed to be sophisticated, while those visiting only once are
assumed sincere. de Haan et al. (2015) measure cardinal utility in Amsterdam using a survey that
asks students to assign points to each school, with the top choice receiving 100 points. They use
this cardinal welfare measure to consider the effects of replacing the current Boston mechanism in
Amsterdam with a deferred-acceptance procedure. We expand on this work by conducting a survey
that directly measures both preferences and beliefs. Our survey allows us to model student behavior
in a way that goes beyond the naive/sophisticated binary, and to evaluate counterfactual policies
involving information provision as well as a change in assignment mechanism.

Finally, we build on a second strand of literature that links school choice to educational outcomes.
Recent work has estimated preferences for school characteristics such as school quality and distance
and used these estimates to conduct welfare analysis and counterfactual simulations (Hastings et al.,
2009; Neilson, 2013; Walters, 2014; He, 2012; Dinerstein and Smith, 2014). 4 This paper explores
how changes in the centralized assignment mechanism and informational interventions affect the
academic quality of schools to which students are assigned in the context of a model that allows for
strategic behavior. If all households value policy-relevant outcomes such as high value-added, but
students from low-income backgrounds are more likely lack information on how to appropriately
utilize the mechanism, for instance, then providing information may reduce inequality in academic
quality across SES groups.In contrast, if some households do not value schools that are effective
producers of human capital, other interventions may be needed to improve scores.

4A related but distinct set of papers study test-score based school assignment. See Fack et al. (2015), Ajayi (2015a),
and Ajayi (2015b). A further question is whether families are fully informed about the existence of alternative schools
and their characteristics. Hastings and Weinstein (2008) show that an information experiment providing a list of
schools ranked by test scores shifted choices leading poorer black families to choose schools in a way that was closer
to the choices made by richer white families. Our survey data suggest that families had broad consideration sets,
possibly due to the long history of choice in New Haven.
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3 Empirical Setting

3.1 The school choice process in New Haven

Three features of the school choice process in New Haven make it a useful context in which to
study beliefs and preferences for school choice participants. First, the school choice mechanism in
New Haven has changed relatively little since 1997. Second, the school district conducts extensive
outreach to publicize the process, including events for parents and children outside of school hours,
in-school open-houses, and published documentation on procedures and past outcomes. Third, the
vendor the district uses to implement school choice is employed by many other districts around
the country. The first two points suggest that parents and students have had ample time and
opportunity to learn about the mechanism from the district and from each other, so the distribution
of beliefs and preferences we observe is likely to reflect a long-run steady state. The third point
suggests that the practices we observe in New Haven may be used in other districts as well. This
section provides a brief overview of the school choice in New Haven followed by a detailed description
of the choice mechanism.

New Haven was an early adopter of school choice in general and centralized school choice as-
signment in particular. The first choice-based magnet school opened in New Haven in 1970, and
the number of school choice options expanded rapidly in the mid-1990s following a state-wide push
to reduce school segregation (Huelin, 1996). New Haven has assigned students to schools using a
centralized immediate acceptance mechanism since at least 1997.5 New Haven adopted centralized
school choice several years before New York, which introduced a centralized application in 2003, and
other cities such as Denver, New Orleans, Newark, and Washington DC, which built on the New
York example (Abdulkadiroğlu et al., 2015a). The school choice system includes both district-run
magnet schools and charter schools run by outside operators, including the ‘no excuses’ charter
school brand Achievement First.

The school choice process in New Haven follows a consistent pattern from year to year. The
process begins in January of the academic year preceding the year of school assignment. Students
and families can learn more about schools and the choice process by visiting open houses at different
schools or by attending one of several ‘magnet fairs’ where schools set up information booths. The
school district provides students with a magnet school guide that includes a description of the rules
of choice and data on available seats and applicant counts by priority group from the previous year.
This guide is available in English and Spanish, both in print and on an NHPS website. Students
typically submit their applications in February, and receive notice of their placements in March or
early April. Between 1997 and 2013, the school assignment mechanism was implemented by an
independent contractor working for NHPS. For the 2013-2014 school year, NHPS switched to the
school choice vendor Smart Choice Technologies, which also administers school choice programs in
Bridgeport CT, Hartford CT, Syracuse NY, New Orleans LA, and Tulsa OK, among others (Smart
Choice, 2016).

5We have verified the use of a centralized immediate acceptance mechanism as far back as 1997 by inspection of
the code used to run the process. We have not been able to determine the mechanism used prior to that year.
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The primary entry points in most district schools are kindergarten and ninth grade. In our
analysis, we restrict attention to families living in New Haven with children enrolled in eighth
grade or pre-K. In the 2014-2015 school year, when we conducted our survey, there were 1480 such
potential ninth graders and 1743 potential kindergarteners.

From this population, students who do not leave the city or enroll in private school may enter a
lottery to enroll in one of 12 high schools or 34 elementary/middle schools that offer kindergarten.
Most of these schools are administered by the district, but the total includes two charter high
schools and three charter elementary schools. Many of the schools reserve some seats for suburban
applicants. The remaining seats are available only to within-city applicants. Consistent with our
sample frame, we focus on the seats reserved for within-city applicants.

3.2 The New Haven mechanism

Most school choice mechanisms use some form of coarse priorities to favor certain applicants. In
New Haven, each student is assigned a priority at each school, which is a number between one and
four:

priorityij =


1 if i lives in the neighborhood and has a sibling at j, and j gives neighborhood priority
2 if i lives in the neighborhood of j, and j gives neighborhood priority
3 if i has a sibling at j
4 otherwise

Not all schools give neighborhood priority. Two high schools, Hillhouse and Wilbur Cross, give
neighborhood priority, but the remaining high schools are classified as magnet schools, which give
priority for siblings only. Similar priority structures are in place in Boston, Cambridge, New York,
Barcelona, Beijing, and other cities.

The mechanism assigns student i a “report-specific priority”6 at school j:

rspij = 10 ∗ priorityij + rankij .

Ties are broken with uniform random draws that assign each student a score at each school:

scoreij = rspij + zij , zij ∼ U [0, 1].

The mechanism finds cutoffs πj that fill schools’ capacities when each student is matched to his
earliest-listed school at which scoreij < πj . If a school is undersubscribed, its cutoff is set above all
applicants’ scores. Each student is offered a place in at most one school. Each student may accept
his/her placement, or decline and enroll in a default school which is assigned based on the student’s
residence, or leave NHPS.

6See Azevedo and Leshno (2016) and Agarwal and Somaini (2014) for more discussion on report specific priority.

8



The New Haven mechanism differs from Boston and student-optimal stable matching (“SOSM”)
mechanisms in the construction of rspij . In New Haven, report-specific priority depends lexicograph-
ically on the exogenous priority priorityij and the rank that the student assigns to the school. In
the Boston mechanism, this lexicographic order is reversed. In the student-optimal stable matching
mechanism, report-specific priorities depend on the exogenous priority group only.

rspSOSMij = priorityij

rspBostonij = (rankij , priorityij)

rspNew Haven
ij = (priorityij , rankij)

Neighborhood and sibling priority play a relatively more important role and submitted rank lists
a relatively less important role in determining response-specific priority in the New Haven mecha-
nism than the Boston Mechanism. Students’ placements into schools are determined exactly when
conditioning on report-specific priorities, schools’ cutoffs, and students’ scores.7

3.3 Belief errors in the New Haven mechanism

The probability that applicant i will be assigned to school j given that he submits report a to
the mechanism and is not admitted to a higher-ranked choice is Pija = Pr(zij ≤ πj − rspij(a)).
Inaccurate beliefs about Pija may arise because students mis-estimate rspij(a) or cutoff values πj .
Mistaken beliefs about these two quantities can arise from similar thought processes. For example,
students who do not understand how priority groups and submitted rankings jointly determine
rspij will have inaccurate beliefs about their own values of rspij(a) and also about πj even given
full knowledge of other students’ submitted applications.

Errors in beliefs about πj and rspij sum to alter beliefs about admissions probabilities. Let P̃ija
denote student i’s belief about the probability of admission to j given report a and non-admission
to a higher-listed choice, and ˜rspij(a) and π̃j be his beliefs about his response-specific priority and
the cutoff score for admission, respectively. Then

P̃ija = Pr(zij ≤ πj − rspij(a)− shiftij(a))

where shiftij(a) = πj − π̃j − (rspij(a) − ˜rspij(a)). The shiftij(a) term incorporates errors in
beliefs about both rspij and πj . Rather than trying to distinguish between these two closely related
sources of error, our empirical model takes a more parsimonious approach and focuses on the shiftij
term itself. This choice does not restrict the distribution of deviations of subjective beliefs from
rational expectations values. In Section 4 we present descriptive evidence on the distributions of
errors in beliefs about probabilities and the shiftij .

7School choice mechanisms are often presented as algorithms. For instance, the student-optimal stable matching
mechanism is the mapping from rank-order lists to placements produced by the student-proposing deferred acceptance
algorithm. We appeal to the cutoff representation of matchings introduced by Azevedo and Leshno (2016) for stable
matchings and extended to a class of “report-specific priority + cutoff” mechanisms by Agarwal and Somaini (2014).
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3.4 Measuring student SES and school quality

This section describes our strategies for measuring student socioeconomic background and school
quality. NHPS serves a low-income, majority-minority student population in which standard mea-
sures of student socioeconomic background are relatively uninformative. The district has community
eligibility for free lunch, meaning that all students may receive two free meals in school each day
regardless of own eligibility status. Though the district collects sufficient survey data on student
socioeconomic background to maintain community eligibility, student-level measures of free lunch
status are not as informative as in districts where families must respond to receive the meal benefit.
Further, as we discuss in more detail in Section 4, just under 90% of district students are black or
Latino. Measures of race and ethnicity are less informative here than in contexts where race is more
strongly correlated with income.

We address these challenges by constructing a measure of student socioeconomic status (SES)
based on home sale prices. We first regress real (2015 dollars) per-square-foot sale prices of homes in
New Haven on time dummies, using all home sales from 2005-2015 and obtained residuals. We then
compute the implied price per square foot at each location using a normal kernel with bandwidth .05
miles. Figure 1 plots SES rankings, which range from 0 (the lowest-priced housing in the district)
to 100 (the highest-priced). High-SES neighborhoods surrounding Yale University and on the coast
are visible in dark red, while the lower-SES neighborhoods to the south, east, and west of the Yale
campus are visible in blue. The use of fine-grained geographic regressions to assign SES rankings
allows us to differentiate between students from different kinds of backgrounds even within the same
neighborhood catchment zones.
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Figure 1: SES rank in population

Notes: This figure displays SES rankings based on home price per
square foot. 100 is the highest ranking and 0 the lowest. We com-
pute rankings within each (centered) block using a normal kernel with
bandwidth 0.05 miles. Estimates based on detrended home sale price
data for the years 2005-2015.

We measure school quality using an OLS measure of test-score value-added. Specifically, we
estimate specifications of the form

Yijt = X ′itβ
test + f(Yij,t−1) + δtestj + etestijt

where Yijt is the average of standardized math and reading scores on state accountability tests
for student i attending school j in year t. Scores are standardized using observed means and
standard deviations for district students in each year t. Xit is a vector of possibly time-varying
student characteristics, including dummies for SES tercile, race/ethnicity, gender, grade, and year.
f(Yij,t−1) is a third degree polynomial in lagged test score. The δtestj are estimated school fixed
effects, which we take as our measures of the school contribution to student scores.

We estimate test score specifications using data on school enrollment and test scores for the
years 2007 through 2013. During this period, students took state exams in grades three through
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eight and again in grade ten. To expand the set of data that can be used to estimate scores, we use
eighth grade scores as lag scores for tenth graders. We also include observations with missing lag
score data while adding a dummy variable identifying observations with missing lag score to our
set of regressors. Table 1 presents value-added estimates by school. School effects are normalized
to have mean zero in the (student-weighted) population. There are big differences in value-added
across schools. The schools with the highest estimated value-added are Worthington Hooker and
Nathan Hale. These are zoned schools in wealthy neighborhoods. The schools with the next-highest
value-added are Elm City College Prep and Amistad Academy, which are high-performing charters
operated by the Achievement First charter brand.

Table 1: Value-Added by School

School Name VA estimate School Name VA estimate
Elm City College Prep 0.273 Lincoln Bassett 0.088
Amistad Academy K-8 0.255 Worthington Hooker 0.511
HS in the Community (HSC) -0.054 Bishop Woods 0.036
Domus Academy -0.94 Brennan Rogers Magnet -0.004
Sound School -0.229 Chris Columbus Academy 0.052
Eng and Sci School 0.016 Nathan Hale School 0.291
Hyde School -0.163 Mauro Sheridan Magnet 0.185
Met Business Academy -0.174 Edgewood School 0.08
Roberto Clemente -0.05 Davis Street School 0.262
Coop Arts and Hum HS -0.021 Betsy Ross 0.006
East Rock Magnet 0.054 Clinton Ave School 0.012
Conte West Hills Magnet 0.008 West Rock (Microsociety) -0.158
New Haven Academy -0.228 LW Beecher School 0.029
Celentano Magnet School -0.183 Barnard School -0.132
Hill Central Music -0.212 Hill Regional Career HS -0.029
Roos Woodward School -0.112 Augusta Troup School 0.075
Wexler Grant -0.048 Fair Haven School 0.091
John C Daniels 0.062 King Robinson Magnet -0.179
Truman School -0.199 Wilbur Cross HS -0.083
John S Martinez -0.16 James Hillhouse HS -0.295
Benjamin Jepson -0.146

Notes: OLS estimates of school value-added using 2007-2013 score data. N=4710. De-
pendent variable is average of standardized math and reading test scores. Controls
include dummies for SES tercile, race/ethnicity, gender, grade, and year as well as
a third degree polynomial in lagged test score. Effect estimates normalized to have
mean zero in the population.

We interpret our value-added results with caution. Students may select into schools in a way
that is correlated with test score levels or heterogeneous treatment effects. Our OLS estimates
would then not reflect causal effects of schools, or would only do so for the subset of students
who attend these schools. Supplementary results (available upon request) suggest that ‘no excuses’
charter schools operating in the district score highly on OLS measure of value-added and also yield
large score gains for randomly selected school lottery winners. Future drafts will incorporate both
lottery and OLS estimates of school effects into a single analysis, following Angrist et al. (2015).
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4 Household Survey

4.1 Survey overview

During the summer of 2015, we conducted in-person interviews at 212 households with parents
or guardians of children who had been enrolled in pre-kindergarten and/or eighth-grade in NHPS
during the 2014-15 school year. In order to construct the sample, we drew 600 households, stratifying
by zoned elementary school. In Table 2 we show sample means and balance. The first column shows
that within the relevant grade levels the district is approximately 50% black, 10% white, and 40%
Latino. The second column shows means in the sample of households we intended to survey, while
the third shows means among the households who we successfully surveyed. These households are
statistically indistinguishable from the population on race, although the second panel shows that
we oversampled English-language learners and bilingual students relative to the population. Figure
2 shows the geographic distribution of the population and of surveyed households. Each point is
centered at the location of an elementary/middle school, and shows the proportion of students out
of the total (in the population, or among surveyed students, respectively) who reside in that zone.

In New Haven, students have the option not to enter the lottery. Each student has a default high
school, determined by his residential location, and a default elementary school or the opportunity
to be placed in a school with excess capacity, if his neighborhood school is full. Households who
participate may list up to four schools on their application. Survey participants are statistically
indistinguishable from the population on the probability of participating in the centralized mech-
anism. Table 3 and Table 4 show balance on participation decisions. Sixty percent of potential
kindergarteners, and thirty four percent of potential ninth-graders, do not apply to any school.
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Table 2: Balance in Socieconomic Characteristics

Category Population Sample Surveys Mean test P-value
Mean Mean Mean Pop. vs

Surveys

SES -27.860 -29.839 -25.503 3.120 0.221
1st quartile 0.250 0.244 0.269 0.020 0.508
2nd quartile 0.250 0.276 0.231 -0.020 0.508
3rd quartile 0.250 0.246 0.217 -0.035 0.253
4th quartile 0.250 0.234 0.283 0.035 0.253
Asian 0.021 0.025 0.028 0.007 0.470
Black 0.482 0.483 0.495 0.014 0.690
Latino 0.396 0.401 0.382 -0.015 0.662
Other 0.008 0.005 0.000 -0.008 0.184
White 0.093 0.085 0.094 0.002 0.927
Biling/Dual 0.013 0.018 0.038 0.026∗∗∗ 0.001
No ELL 0.948 0.928 0.892 -0.060∗∗∗ 0.000
Regular/ESL 0.039 0.054 0.071 0.034∗∗ 0.014
No SPED 0.866 0.866 0.816 -0.053∗∗ 0.028
SPED 0.134 0.134 0.184 0.053∗∗ 0.028

Notes: N = 3230 (population), 598 (intended to survey), 212 (survey partici-
pants). ∗∗∗p < 0, 01 , ∗∗p < 0, 05 , ∗p < 0, 1. P-value for joint test (F) is 0.002.

Table 3: Participation and application length, Grade K

Number of Applications Population Sample Surveys Mean test P-value
Mean Mean Mean Pop. vs

Surveys

0 0.599 0.591 0.554 -0.048 0.360
1 0.056 0.050 0.076 0.013 0.588
2 0.060 0.070 0.076 0.022 0.388
3 0.068 0.077 0.043 -0.028 0.308
4 0.217 0.211 0.250 0.040 0.361

N = 1746 (population), 298 (intended to survey), 92 (survey participants). ∗∗∗p < 0, 01 , ∗∗p <
0, 05 , ∗p < 0, 1. P-value for joint test (F) is 0.079.
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Table 4: Participation and application length, Grade 9

Number of Applications Population Sample Surveys Mean test P-value
Mean Mean Mean Pop. vs

Surveys

0 0.340 0.340 0.275 -0.058 0.198
1 0.095 0.103 0.117 0.019 0.509
2 0.146 0.160 0.125 -0.022 0.508
3 0.164 0.160 0.175 0.011 0.747
4 0.255 0.237 0.308 0.050 0.229

N = 1484 (population), 300 (intended to survey), 120 (survey participants). ∗∗∗p < 0, 01 , ∗∗p <
0, 05 , ∗p < 0, 1. P-value for joint test (F) is 0.377.
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Figure 2: Share of Students within each School Zone

Notes: This figure displays geographic distribution of sample universe and sur-
veyed population. Size of circles reflect shares of population and surveyed individ-
uals, respectively. Each point is centered at the location of an neighborhood zoned
elementary/middle school, and reports data for students residing in that zone.

We conducted the survey as a tablet app, with randomly-generated questions tailored to each
household. The survey procedures and question text are presented in Appendix A.2. We chose
not to incentivize “correct” beliefs, e.g. by paying people to state beliefs that are close to rational-
expectations chances. From parents’ perspective there may be considerable ambiguity in the school
choice process, which may affect the interpretation of bets that parents place.

We begin with a descriptive analysis of participation decisions and information acquisition. We
asked parents to mark on a list of all grade-relevant district schools “considered as an option for
[their] child”, and identify which schools they ranked first and second on their application. To elicit
“unconstrained” preferences, we first asked parents which school they would have chosen for their
child if they were guaranteed admission to every school in the district. We then asked what they
would have chosen if this school were unavailable but all other schools were available.

Table 5 and Table 6 show the share of students in the ninth-grade and kindergarten survey sam-
ples who participated in the lottery and applied to each school. There is substantial heterogeneity
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in the frequency with which different schools are considered. Amistad Academy Elementary, a high-
performing charter school, was considered by 35 out of 40 students who applied to the kindergarten
lottery. In contrast, Worthington Hooker School, a popular neighborhood school that admits only
students within a small zone, was considered by only half of this sample. Among high schools, River-
side Education Academy, an alternative school, receives little consideration and few applications.
The two neighborhood high schools, Hillhouse and Wilbur Cross, received widespread consideration
but few actual applications. While the lottery application made it possible to list these schools,
students living in the Wilbur Cross zone who wished to attend Wilbur Cross were instructed not to
submit a lottery form, as this school would serve as their default school. (Hillhouse was analogous.)
The two most popular high schools by share of applications were Co-op. Arts and Humanities and
Hill Regional Career.

Table 5: Summary Statistics: Ninth-Grade Survey and Lottery Applications

School Considered In App. 1st in App. 1st Unconstr.
Achievement First Amistad HS 75.7 9.5 0.0 6.8
Common Ground Charter 64.9 17.6 8.1 2.7
Coop. Arts and Humanities 74.3 52.7 23.0 17.6
Engineering and Science Univ. HS 51.4 18.9 8.1 6.8
High School in the Community 63.5 20.3 4.1 5.4
Hill Regional Career 86.5 56.8 29.7 16.2
Hillhouse 83.8 5.4 0.0 2.7
Hyde School 62.2 25.7 5.4 8.1
Metropolitan Business Academy 70.3 43.2 9.5 9.5
New Haven Academy 75.7 25.7 6.8 6.8
Riverside Education Academy 46.0 2.7 1.4 0.0
Wilbur L. Cross High School 86.5 9.5 4.1 8.1

Notes: N=74 students in ninth-grade survey who participated in the lottery and matched to lottery
data. All figures are percentages out of N. “Considered” equals 1 when the parent stated that he
or she considered this school as a possible choice for his/her child. We asked parents for their top
choice if they could choose any school and be guaranteed admission. We then asked what school
they could choose if this school were full but all other schools guaranteed admission. We refer to
these two schools as “unconstrained” choices.

Many students do not list their most preferred school first in their application. For example, 6.8%
of ninth-grade applicants and 25.0% of kindergarten applicants listed an Amistad Charter school
as their most preferred school, but none of the ninth-grade applicants and 12.5% of kindergarten
applicants we surveyed listed these schools first on their application. In contrast, 16.2% of ninth-
grade applicants listed Hill Regional Career as their first unconstrained choice while 29.7% placed it
first in their application. This suggests that at least some applicants are acting strategically when
they fill out their rank lists. We return to this point below.
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Table 6: Summary Statistics: Kindergarten Survey and Lottery Applications

School Considered In App. 1st in App. 1st Unconstr.
Amistad Academy Elementary 87.5 25.0 12.5 25.0
Augusta Lewis Troup School 55.0 2.5 0.0 0.0
Barnard Environmental Studies School 62.5 15.0 2.5 7.5
Beecher Museum School 60.0 7.5 0.0 0.0
Bishop Woods Executive Academy 62.5 7.5 2.5 0.0
Booker T. Washington Academy Charter 52.5 10.0 2.5 0.0
Brennan-Rogers 42.5 17.5 7.5 7.5
Celentano Biotech Health and Medical 55.0 12.5 5.0 5.0
Christopher Columbus Family Academy 70.0 10.0 7.5 2.5
Clinton Avenue School 65.0 7.5 2.5 0.0
Conte-West Hills 57.5 12.5 5.0 2.5
Davis Street Arts and Academics 52.5 2.5 0.0 0.0
East Rock Community 72.5 10.0 2.5 2.5
Edgewood 65.0 5.0 0.0 0.0
Elm City College Preparatory Charter 62.5 20.0 2.5 2.5
Elm City Montessori 50.0 5.0 2.5 2.5
Fair Haven School 75.0 7.5 2.5 0.0
Hill Central School 65.0 7.5 2.5 2.5
Jepson Multi-Age 50.0 7.5 0.0 0.0
John C. Daniels 62.5 12.5 2.5 2.5
John S. Martinez 65.0 17.5 7.5 10.0
King-Robinson School: an IB World School 45.0 12.5 2.5 2.5
Lincoln-Bassett Community School 62.5 5.0 0.0 0.0
Mauro-Sheridan Sci/Tech/Communications 45.0 2.5 2.5 0.0
Nathan Hale School 57.5 5.0 2.5 0.0
Quinnipiac Real World Math STEM 47.5 10.0 5.0 2.5
Roberto Clemente Leadership Academy 70.0 10.0 5.0 2.5
Ross Woodward Classical Studies 62.5 0.0 0.0 0.0
Strong 21st Century Communications 50.0 5.0 0.0 0.0
Truman School 67.5 5.0 2.5 0.0
West Rock Authors Academy 45.0 0.0 0.0 0.0
Wexler-Grant Community School 55.0 2.5 0.0 0.0
Wintergreen 45.0 7.5 0.0 0.0
Worthington Hooker School 50.0 12.5 10.0 15.0

Notes: N=40 students in kindergarten survey who participated in the lottery and matched to lottery data.
All figures are percentages out of N. “Considered” equals 1 when the parent stated that he or she considered
this school as a possible choice for his/her child. We asked parents for their top choice if they could choose
any school and be guaranteed admission. We then asked what school they could choose if this school were full
but all other schools guaranteed admission. We refer to these two schools as “unconstrained” choices.
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4.2 Beliefs about admissions chances

This and the next subsection present a descriptive analysis of survey data. The goal is to document
respondents’ beliefs about admissions chances, compare them to objective measures of admissions
probabilities, and consider the role of heterogeneous beliefs in driving placement outcomes. Findings
from our descriptive analysis motivate modeling choices in Section 5, and suggest an important role
for belief errors in determining the allocation of students to schools.

We first explore households’ beliefs about admissions chances. To provide a benchmark, we
estimate rational-expectations admissions chances for the kindergarten and ninth-grade lotteries.
These rational-expectations admissions chances represent the beliefs about admissions chances that
an agent would have if he knew his own report-specific priority, the rules of the mechanism, schools’
capacities, and the number of other applicants but did not know their preference lists or report-
specific priorities. We calculate them by resampling n = 200 markets, drawing individuals, together
with their applications and priority types, iid with replacement from the population. In each
resampled market, we calculate the market-clearing cutoffs. Given a vector of cutoffs, we calculate
admissions chances for each student. For example, if an individual has rspij = 41 and lists j first, if
the cutoff is πj = 41.4 then the individual has a .4 chance of placing in j. For each individual i, we
compute the propensity to place in each school j under the individual’s observed application and
the given cutoff vector, and then average these chances over the resampled market-clearing cutoffs.

This procedure differs slightly from the procedure used by Agarwal and Somaini (2014). In
particular, we resample cutoffs and obtain smooth chances for applicants if their report-specific
priority type is rationed at school j. In contrast, Agarwal and Somaini (2014) average over simulated
placement outcomes from resampled markets, rather than cutoffs.

With rational expectations chances in hand, we define the following measures: let “optimism”
denote the difference between i’s subjective belief about his admissions chance at j under application
a and the rational-expectation chance:

optimismij = p̂ij − ptrueij

We consider also the absolute error |optimismij |.
Table 7 describes subject beliefs, rational expectations beliefs, optimism, and belief errors for

students from different SES and racial groups. The upper panel considers specific types of errors
that students can make. The rows labeled ‘Understands sibling and neighborhood priorities’ and
‘Understands ranking priorities’ report the fraction of survey-takers responding correctly to ques-
tions about the ordering of priority groups. The first asked respondents whether a student with
neighborhood preference would have a better chance of getting into an over-subscribed school than
a student with sibling preference, or vice versa. Only 17 percent of students responded with the
correct answer (neighborhood preference). The second question asked whether an applicant who
submitted an application which ranked school A first and school B second but did not get into
A would have higher or lower chances of admission than a student who submitted an application
which ranked school B first. Only 18 percent of respondents provided the correct answer (a lower
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chance). These findings suggest that school choice participants have a limited understanding of the
determinants of response-specific priorities.

Table 7: Errors by Demographic Group

All High-SES Low-SES Non-black Black
A. Errors by type
Understands sib/nbd priorities 0.17 0.16 0.17 0.18 0.16
Understands ranking priorities 0.18 0.19 0.17 0.13 0.23
Belief>25% | ratex≤ 0.1 0.11 0.09 0.13 0.12 0.11
Belief<50% | ratex≥ 99.9 0.05 0.03 0.07 0.04 0.07

B. Subjective beliefs
Mean 40.9 41.6 40.6 42.9 39
SD 31.5 31.7 31.5 32 31
p25 13.5 13.5 13.5 15 10.5
p50 35 35 35 35 33
p75 65 65 65 66.5 65

C. RatEx Beliefs
Mean 38.2 39.1 37.8 38.6 37.8
SD 39.7 39.1 40.1 39.8 39.7
p25 0.1 0.1 0.1 0.1 0.1
p50 35.6 35.6 35.6 35.6 35.6
p75 76 76 80.8 81.8 76

D. Optimism
Mean 2.7 2.5 2.8 4.3 1.1
SD 38.7 32.8 41.4 37.3 39.9
p25 -14.9 -12.5 -20.6 -14.5 -17.1
p50 5.7 4.9 7 8.4 4.9
p75 25.9 23.1 27.9 27 25.9

E. Absolute error
Mean 29.6 24.6 32.3 28.9 30.4
SD 25 21.8 26.1 24 25.9
p25 7.5 5.5 9.4 8.9 7
p50 24.5 19.4 25.9 24.5 24.5
p75 45.9 35.9 52.3 44.9 48.9

Notes: N=786. The rows labeled ‘Understands sibling and neighborhood priorities’ and
‘Understands ranking priorities’ report the fraction of survey-takers responding correctly
to questions about the ordering of priority groups. The rows labeled ‘Understands sib-
ling and neighborhood priorities’ and ‘Understands ranking priorities’ report the fraction
of survey-takers responding correctly to questions about the ordering of priority groups.
The first asked respondents whether a student with neighborhood preference would have a
better chance of getting into an over-subscribed school than a student with sibling prefer-
ence, or vice versa (correct answer: neighborhood preference). The second question asked
whether an applicant who submitted an application which ranked school A first and school
B second but did not get into A would have higher or lower chances of admission than a
student who submitted an application which ranked school B first (correct answer: lower
chance). Subjective beliefs, ratex beliefs, optimism, and absolute error are measured in
percentage point units. High-SES is upper tercile of SES ranking.
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The remaining rows of Table 7 describe elicited beliefs. We elicited up to four beliefs from each
of our 212 participants, but some participants declined to answer some questions, giving a total of
786 elicited beliefs about admission to some school j under an application that listed j. Respondents
may err by mis-estimating their own response specific priority relative to the marginal admissions
round, or mis-estimating the number of other students in the marginal admissions round. Rows
three and four of Table 7 show that a fairly large share of applicants make the first type of error.
Cases where the rational expectations chance of admission was 0.1% or less but respondents believed
their chances of admission were 25% or more accounted for 11 percent of applications about which
we elicited beliefs. Cases where applicants thought their chances of admission were below 50% but
their true probability was at least 99.9% account for a further 5 percent of applications. Rates
of both types of ‘round errors’ are substantially higher for low-SES students than for high-SES
students. Students from low-SES backgrounds make ‘false positive’ errors in 13% of elicited beliefs
and ‘false negative’ errors on 7%.

Panels two through five of Table 7 present the distributions of subjective beliefs, rational expec-
tations beliefs, and belief errors. Units are percentage points. The distributions of subjective and
rational expectations beliefs have similar means. The cross-application average of subjective ad-
missions chances is 41%, compared to 38% for rational expectations. This implies that on average,
optimism is close to zero (specifically, 2.7 percentage points). However, as we report in the fourth
panel of Table 7, beliefs are widely distributed around this average. The standard deviation of op-
timism in the population is 38.7 percentage points. The standard deviation is larger from students
from low-SES backgrounds (41.4 percentage points) than for students from high-SES backgrounds
(32.8 percentage points), while the standard deviations for black and non-black students are similar
(39.3 and 37.3 percentage points, respectively). The mean absolute error is 29.6% in the population,
32.3% for low-SES students, and 24.6% for high-SES students.
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Figure 3: Distributions of Beliefs, Belief Errors, and Shift Terms

Notes: N=786. Kernel density estimates using Gaussian kernel with bandwidth 10.

Figure 3 explores the distribution of beliefs and belief errors in more detail. The left panel plots
the density of both rational and subjective expectations admissions probabilities. The distribution
of rational expectations probabilities has larger peaks at 0 and 1 than the distribution of subjective
expectations. The middle panel plots the distribution of optimism. This distribution is symmetric,
unimodal, and centered around zero.

We model belief errors using the shiftij(a) term described in Section 2.3. Any structure we place
on the shift terms should be consistent with the correctly centered, single-peaked, and unimodal
distribution of belief errors we observe in our survey data. To further motivate our modeling
choices, we analyze the distribution of the shiftij(a) terms directly. 8 The values of shift terms
are not always known to within an interval of length .1 in our survey data because we do not know
which priority group students believed would be marginal in cases where they report a subjective
admissions probability of zero or one. We address this in our descriptive analysis by assuming that
students who correctly identify their admissions probability as zero or one have a shift value of zero,

8In our survey we elicit beliefs to the nearest decile. To describe beliefs in this section, we calculate the shift
that would set the household’s subjective belief equal to the midpoint of the reported decile. That is, if the parent
reported the interval (60% - 70%), we find the shiftij that makes the subjective probability equal to 65%. When we
estimate the model we do not impose this assumption.
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and that students who believe their admissions chances are 100% (0%) when in fact they are 0%
(100%) have the minimum shift values that can reconcile this belief with the observed admissions
cutoff.

Panel A of Table 8 report that surveyed students overestimate the marginal admission round
at 11% of applications, meaning that they think applications will ‘clear’ in a later round than they
actually do. 3% underestimate the marginal round. Panel B of Table 8 and the rightmost panel
of Figure 3 describe the distribution of shift terms overall. Figure 3 only displays density over the
range [-1,1]. Like the distribution of errors in probability beliefs, the distribution of shifts is centered
at zero, unimodal, and approximately symmetric.

Table 8: Distribution of Shifts

All High-SES Low-SES Non-black Black

A. Shift errors by type
Overestimate marginal round 0.11 0.1 0.11 0.11 0.11
Underestimate marginal round 0.03 0.03 0.03 0.03 0.03

B. Distribution of shift errors
Shift value
Mean 0.5 0.4 0.5 0.5 0.5
SD 1.8 1.6 1.8 1.8 1.8
p25 -0.2 -0.2 -0.3 -0.2 -0.3
p50 0 0 0 0 0
p75 0.5 0.4 0.5 0.5 0.5

Notes: N=786. ‘Overestimate marginal’ round is dummy equal to one if a respondents’ shift
error is at least one. Underestimate marginal round is a dummy if shift error is less than -1.
High-SES is upper tercile of SES ranking.

Table 9 considers the determinant of optimism and absolute error in more detail. It presents
results from OLS regressions of the indicated error type on indicators for SES background, race, and
grade. Alternate specifications also include descriptors for an individual’s interaction with the choice
process, including an indicator for participation, an indicator equal to one if a respondent reports
looking up application counts from previous years, an indicator equal to one if the application we
are asking about is the respondent’s most preferred school, and the count of information sources an
applicant drew from when making a choice. Possible sources include a citywide fair, open houses
for schools, the district catalog and website, talking to parents, and shadowing a student. Students
from high-SES backgrounds have lower absolute errors but similar levels of optimism. There is little
relationship between race and optimism or absolute error after conditioning on SES. Students who
participate in choice are less optimistic but have similar absolute errors to students who do not,
while students who looked up applicant counts are more optimistic but do not have lower absolute
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errors. The relationship between preference for a school and belief optimism or error is weak, and
using information from more sources is not correlated with changes in optimism or reductions in
absolute error.

Table 9: Correlates of Errors

Optimism Absolute error
High-SES -0.65 -0.66 -7.66** -7.53**

(2.27) (2.25) (1.92) (1.96)
Black -2.05 -2.18 0.48 0.50

(2.30) (2.28) (1.87) (1.94)
Grade 9 11.35** 10.96** -3.42+ -3.29+

(2.32) (2.26) (1.87) (1.91)
Partipates in choice -7.106297* 2.06

(2.74) (2.24)
Looked up application counts 4.776145* -2.88

(2.21) (1.97)
Preferred school 4.03 -2.15

(3.85) (1.77)
Sources of information -0.26 -0.24

(0.73) (0.68)
Constant -1.76 -1.43 33.75** 34.53**

(2.12) (2.88) (1.89) (2.43)
N 786 782 786 782

Notes: Significance: +0.10 * 0.05 ** 0.01. Linear regressions of error type listed
in columns on control variables listed in rows. ‘Looked up application counts’ is
dummy equal to one if respondent reported looking up application counts from
prior years. ‘Preferred school’ is a dummy equal to one if an application is to the
school listed as most-preferred. ‘Sources of information’ counts sources of informa-
tion respondents reported consuming.

4.3 Belief errors, application strategies, and placement outcomes

We next consider the relationship between belief errors, the applications students submit to the
choice process, and placement outcomes. Table 10 describes participation and placement outcomes
by demographic group. The Panel A shows that 60% of students in our sample of potential par-
ticipants actually do submit applications to the choice system. High-SES students participate at a
slightly higher rate than low-SES students, and non-black students participate at a slighly higher
rate than black students.

Panel B considers a specific type of error students may make when submitting applications. The
first row of this panel shows the share of households whose first-round applications are “revealed
strategic”: that is, they applied to school j but stated that j′ 6= j was their most preferred school
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if they could enroll anywhere. The second row shows the share for which j′ was more likely than
j for the household according to rational-expectations chances. In roughly half of all “revealed
strategic” applications, the most-preferred school was also more likely than the school listed first.
This finding is consistent with the hypothesize that inaccurate beliefs about admissions chances can
limit participants’ ability to strategize effectively.9

Table 10: Outcomes of Choice Process

All High-SES Low-SES Non-black Black
A. Participation in choice
Participated in choice 0.6 0.64 0.58 0.65 0.55

B. Revealed strategic types and choice errors
Revealed Strategic 0.55 0.59 0.53 0.49 0.61
Strategic but mistaken 0.26 0.24 0.26 0.22 0.29

C. Placement outcomes
Placed in most preferred 0.33 0.36 0.32 0.32 0.35
Placed in first listed 0.67 0.73 0.64 0.68 0.66
Placed in any listed 0.92 0.94 0.91 0.91 0.93

D. Value-added characterization of preferences and placement
Value-added
Most preferred -0.01 -0.01 -0.02 -0.01 -0.01
First listed -0.03 -0.01 -0.03 -0.02 -0.04
Placed -0.07 -0.04 -0.09 -0.08 -0.07
Placed (incl. non-participants) -0.07 -0.02 -0.1 -0.07 -0.08

Notes: Observations at applicant level. N panel A: 212. N panels B, C, and D: 128 (school
choice participants only, except for the last row of Panel D). Cells are mean of row variables
in samples defined by column. See text for variable definitions.

Panels C and D consider placement outcomes. Panel C reports that one third of students in
our survey who participate in choice place in their most preferred school, while two thirds place
in their first listed school and 92 percent receive some placement. Rates of each type placement
are somewhat higher for high-SES than low-SES students. Panel D describes preferences, applica-
tions, and placements in terms of OLS estimates of value-added. Students from low- and high-SES
backgrounds have most-preferred schools with essentially the same levels of value-added. On aver-
age, students list first and are placed in schools with lower value-added than their most-preferred

9 An alternative explanation is that the answers reflect disagreement within the household. For example, the
student may have listed a school the parent disapproves of which is also less likely to offer admission.
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school; average values are, respectively, -0.01, -0.03, and -0.07 SDs. The drop in value-added is
more dramatic for students from low-SES backgrounds. For these students, average value-added at
the most-preferred, first-listed, and placed schools are -0.02, -0.03, and -0.09 SDs, respectively. If
non-participants are counted as placed in their neighborhood schools, the latter value falls further
to -0.10 SDs. In contrast, the means of most-preferred, first-listed, and place value-added are -0.01,
-0.01, and -0.02 for high-SES students.

Table 11 considers the role of belief errors in driving placement outcomes. It presents results
from linear probability regressions of indicator variables for any placement, placed in first choice
school, and placed in most-preferred school on an indicator variable equal to one if a respondent’s
mean absolute belief error was above 25 percentage points (approximately the median value) and
student demographics. It also presents results from an OLS regression of value-added at the placed
school on those same covariates. Observations are the respondent level.

Table 11: Correlates of Placement Outcomes

Any First Most preferred Value-added
|error| > 25 -0.011 0.085 -.171* -0.023

(0.052) (0.084) (0.084) (0.022)
High-SES .103* .152+ -0.002 .065**

(0.047) (0.084) (0.085) (0.024)
Black 0.007 -0.050 0.017 -0.008

(0.053) (0.084) (0.084) (0.022)
Grade 9 -.189** -0.053 0.052 -.097**

(0.046) (0.083) (0.084) (0.024)
Constant .968** .644** .387** -0.022

(0.043) (0.099) (0.097) (0.029)
N 128 128 128 111

Notes: Significance: +0.10 * 0.05 ** 0.01. Linear regressions of outcome
listed in columns on control variables listed in rows. See text for variable
definitions. Observations at applicant level.

Results indicate that belief errors are not strongly related to receiving any placement or to
placing in the first-listed school. However, large belief errors reduce the probability of placement
the most-preferrred program by 17 percentage points, on a base of 34%. Students from high-SES
backgrounds are more likely to receive a placement and to place in their first choice school, and to
place in schools with higher average value-added. However, conditional on the controls for belief
error, they are not more likely to place into their most-preferred school.

As a final piece of evidence to motivate our structural model, we observe that there is a rela-
tionship between applications and decisions to accept placements, which is consistent with a model
in which people list schools they prefer more highly on average. Table 12 shows probit regressions
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of the decision to accept a placement, conditional on being placed in a school, on the rank of
the school within the individual’s application vector and controls. We find that people are more
likely to accept placements to their first-listed school, suggesting that the first-listed school is more
strongly preferred on average. In all specifications, we control for the presence of a sibling at the
school, and an indicator for neighborhood priority (“neighbor”), as well as their interaction. These
variables shift a household’s priority at a school. In the second specification we control for the
rational-expectations admissions chance. One may be concerned that first-round applications are
to a different set of schools than lower-ranked applications. In the third specification, we include
school fixed effects. The results are robust to including fixed effects.

Table 12: Probability of Accepting a Placement: Probits

Accept Accept Accept

rank = 2 -0.470 -0.368 -0.580
(5.29)** (3.61)** (5.73)**

rank = 3 -0.123 -0.017 -0.383
(0.92) (0.12) (2.46)*

rank = 4 -0.156 -0.042 -0.574
(1.10) (0.28) (3.51)**

neighbor 0.310 0.252 0.195
(3.46)** (2.69)** (1.27)

sibling 1.004 0.949 0.873
(6.73)** (6.26)** (5.48)**

both 0.768 0.695 0.477
(3.49)** (3.12)** (1.78)+

admissions chance 0.003
(2.05)*

Constant 0.828 0.616
(18.58)** (5.49)**

N 2,055 2,055 2,055
School FE No No Yes

Notes: + p < 0.1; * p < 0.05; ** p < 0.01

To summarize, we have two core descriptive findings. First, we observe that belief errors are
large: the average absolute error is 30 percentage points, with even larger values for students from
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low-SES backgrounds. We also observe that belief errors have a symmetric, unimodal, and mean-
zero distribution, and, though application-specific values are not point identified from survey data
alone, the distribution of shiftij(a) terms appears to have similar properties. These observations
inform our choice of parametric form for the shiftij(a) term in the next section. Second, we find
suggestive evidence that belief errors matter both for the applications that students submit and
for the schools in which they are placed. For example, school choice participants with belief errors
above the median value are 17 percentage points less likely to place into their most-preferred school.
These findings suggest that changes in the informational environment and/or choice mechanism
may have important implications for welfare outcomes.
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5 Model

Our model consists of three stages. First, applicants learn their preferences over schools and costs
of applying to schools. Second, they then choose whether to participate in the school choice process
and, if they participate, what report to submit. Third, the lottery runs and participants receive
placements. If there is space, nonparticipants are assigned to their neighborhood school, otherwise
they are given a place where a spot is open.

Students i ∈ I have underlying preferences over schools j ∈ J according to:

uij = δj +Xijβ + εij

where Xij includes distance to the school from home as well as interactions between student demo-
graphic characteristics and school attributes such as academic quality. The errors εi are distributed
according to

εi ∼MVN(0,Σ),

iid across households.
In practice, each student has a default school that he will be placed in if he does not receive a

placement through the lottery. Each student therefore has an outside option ui0 which consists of
the choice between attending the default school and leaving the district. We normalize the value of
this outside option: ui0 = 0.

Once a student is placed in school j, he has the option to decline his placement. At the time
of this decision, students receive a shock to preferences for j and for the outside option, giving a
utility

Uij = uij + εeij

where the enrollment-time shock εeij has an extreme value distribution with scale parameter 1
λ .

The probability of accepting an offer is therefore

P (uij + εeij > εei0) =
exp (λuij)

1 + exp (λuij)
.

The expected value of school j at the time of matriculation is given by

vij = E(max{Uij , Ui0|uij}) =
1

λ
log (1 + exp (λuij)) .

Let pija denote i’s subjective estimate of the probability that he will be placed in school j if he
submits report a to the mechanism. Students for whom |a| = 0 are those who do not participate in
school choice.

To allow for nonparticipation and short application lists, we allow a payoff from not receiving a
placement. If i does not receive a placement in any inside school j, he obtains a (possibly negative)
payoff
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bi ∼ N(µb, σ
2
b ).

If i receives a placement he must take an action to accept or decline it, which has a small hassle
cost that is avoided when i does not participate.10

In this case, i’s decision solves

max
a

∑
j

pija(vij + 1(j 6= defaulti) · bi)

 .

We allow people to have mistaken beliefs about their priority or, equivalently, about schools’
cutoffs, while maintaining the structure of the mechanism. Motivated by the finding that the
distribution of households’ beliefs about admissions chances is centered very near their rational-
expectation values, we let

shiftij = νi + ηij

denote i′s error in beliefs about his own admissions ranking. We assume νi ∼ N(0, σ2ν), iid
across individuals, and ηij ∼ N(0, σ2η), iid across matches. The term νi allows for correlation in
errors within i. For example, i may be pessimistic in general. Applicant i believes that he will
qualify for a place in j under report a if

rspij(a) + shiftij ≤ πj .

Note that i’s beliefs coincide with rational expectations exactly when shiftij = 0.
Following our descriptive analysis, we divide the sample into two groups on the basis of our SES

measure: “high-SES” (top tercile), and “low-SES” (the remaining two thirds). We allow for separate
parameters ση and σν for the two groups.

10An alternative interpretation is that the continuation value of receiving and declining a placement is lower than
that of not receiving a placement. Potential applicants may believe, for example, that receiving a placement at j
prevents them from being waitlisted for a more desirable school.
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6 Estimation

We use a Bayesian Markov-Chain Monte Carlo (MCMC) procedure to estimate the model and
sample from the posterior distribution of counterfactual outcomes. Similar methods have been
used successfully in the marketing and industrial organization literatures to consumers’ demand for
goods (McCulloch and Rossi, 1994) and have been applied successfully to centralized school choice
(Agarwal and Somaini, 2014). Our strategy extends these methods to make use of surveyed beliefs
as well as data on the decision to accept or decline a placement.

We use a two-step procedure. In the first step, we estimate the distribution of market-clearing
cutoffs at each school, which determine the rational-expectations chances of admission at each school
conditional on a priority vector and a report. We then use data augmentation to pick utility vectors
and beliefs for each individual consistent with their choices, introduce prior distributions for the
model parameters, and use MCMC in order to sample from the posterior distribution of parameters
conditional on the data. In order to obtain distributions of outcomes under counterfactuals, we
simulate alternative policies at many points drawn from this posterior distribution.

6.1 Recovering admissions chances

Our approach is similar to Agarwal and Somaini (2014). Within each market (e.g. eighth-graders)
we draw a large number (e.g. N = 100) of resampled markets by sampling from the population
i.i.d. with replacement. Each resampled market is therefore a list of individuals with a participation
decision, a report if they participated in the lottery, and a priority at each school. In each resampled
market, we solve for market-clearing cutoffs by running the New Haven algorithm.

The distribution of cutoffs feeds into our results in three places. First, the cutoffs
{
π
(k)
j

}
k=1,...,N

allow us to calculate rational-expectations admissions chances, which serve as a benchmark in our
descriptive analysis. In particular, student i’s chance of being placed in school j under report a is
given by

Pij(a) ≡ Pr(placementi(a) = j) = Pr
(
scoreij < πj , scoreij′ > πj′ ∀j′ s.t. j′ �a j

)
≈ 1

N

∑
k

∫
1
(
scoreij < π

(k)
j

)
1
(
scoreij′ > π

(k)
j′ ∀j

′ s.t. j′ �a j
)
dF (scorei|rspi).

Second, the probability that i is placed in j under i’s observed report ai is his propensity to be
placed in j, which is needed for estimating the effects on test scores of attending j. Finally, the true
cutoffs are inputs into our model of subjective beliefs about admissions chances.

6.2 Recovering preference and belief parameters

Before we describe the MCMC procedure in detail, we discuss the normalizations that we make,
and the restrictions implied by households’ optimal application decisions, accept/decline decisions,
and reported first and second choices.
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6.2.1 Normalization

We have already imposed the location normalization ui0 = 0. Importantly, we include in Xij an
indicator for i’s neighborhood school, and the distance di0 between i’s home and zoned school.

The following scale normalization is useful. Define ũ = λu, ṽ = λv, and µ̃ = λµ.
Let

ũ = Xβ̃ + ε̃a,

and fix
β̃dist = −1.

By construction ε̃ has a standard Gumbel distribution. The probability of accepting an offer,
conditional on ũ, is then

sij =
exp(λuij)

1 + exp(λuij)
=

exp(ũij)

1 + exp(ũij)
.

The expected value of an offer gives

ṽij = log(1 + exp(ũij)).

Because β̃dist = −1, welfare in units of miles traveled is given by

ṽij = ṽij/|β̃dist| = vij/βdist.

6.2.2 Optimality of applications

Let ṽi = (ṽi1, . . . , ṽiJ , b̃i) denote the vector of inclusive values of admission to each of the J schools,
and let pi(a) denote the vector of i’s subjective beliefs about admissions chances under report a.
Agarwal and Somaini (2014) observe that a report a is optimal for agent i if and only if vi · pi(a) ≥
vi · pi(a′) for all reports a′. Hence, given the matrix Γi = (pi(a) − pi(a1), . . . , pi(a) − pi(aN )), a
report is optimal if and only if Γ′i ∗ (vi + bi) ≥ 0. Equivalently, a report is optimal if and only if

Γ′i ∗
(
ṽi + b̃i

)
≥ 0.

6.2.3 Accept/decline decision and reported preferences

In the survey we elicit households’ first and second choices if parents could choose any school,
unconstrained by admissions chances. We allow for measurement error in elicited preferences: If i
says that j1 is the household’s first choice, then

uij1 + εsurveyij1
> uij + εsurveyij ∀j

Similarly, if j2 is the household’s second choice, then

uij2 + εsurveyij2
> uij + εsurveyij ∀j 6= j1.
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Scaling by λ without loss, we assume the measurement error is drawn iid from a normal distri-
bution:

ε̃ij = λεsurveyij ∼ N(0, σ̃2survey), iid.

We also make use of the decision to accept or decline a placement. If i accepts a placement in j,
then we require uij + εeij > εei0. If i receives and declines a placement in j, we require uij + εei0 < εeij .
Define

ε̃ei = λ ∗
(
εeij − εei0

)
.

By construction ε̃ei has a standard logistic distribution.
We can write these constraints in matrix form as

Γ′i,(shock) ∗

 ũi
ε̃surveyi

ε̃ei

 ≥ 0.

If i reported first and second choices, then the first column of Γi,(shock) contains 1’s in the j1th
and (J + j1)th places, and −1 in the j2th and (j + j2)th places.11 The next J −1 columns similarly
require

ui,j2 + εsurveyi,j2
> ui,j + εsurveyi,j forj 6= j1, j2.

If i was placed in school j, then the final column of Γi,(shock) contains 1 in the jth place and -1
in the final place.

6.2.4 Starting values

We first construct feasible belief shifts shiftij for all i and j. Where the survey provides no
constraints, we start at shiftij = 0, i.e. at the rational-expectations value. We pick points interior
to the relevant intervals when households report beliefs.

Next, given the feasible beliefs, we use linear programming techniques to construct strictly
feasible utilities ũi ∈ RJ and placement payoff terms bi ∈ R. A utility vector ũi and benefit b̃i
are (strictly) feasible if the observed report ai is optimal conditional on the beliefs pi, that is if

Γi(p) ∗
(
ṽi + b̃i

)′
> 0. We allow the set of possible reports to include an empty list, which we

interpret as nonparticipation.
Finally, we use linear programming again to pick strictly feasible enrollment-time shocks ε̃ei and

measurement errors ε̃surveyi .

6.2.5 Prior distributions

We begin with prior distributions over the preference parameters12 and belief parameters. We
place priors directly on β̃, Σ̃, µ̃b = λµb, σ̃b = λσb, and σ̃survey as well as on the belief parameters

11If i reported a first but not a second choice, we similarly construct Γi,(shock) using the resulting inequalities.
12In order to capture the mean utility terms δ we include dummy variables for each school in Xi.

33



σlowη , σlowν , σhighη , σhighν . In order to minimize the priors’ influence on our estimates, we choose the
following diffuse (flat) priors:

β̃ ∼ N(0, 100 ∗ I)

Σ̃ ∼ IW (J, I)

σν , ση, σ̃survey, σ̃b ∼ InverseGamma(1, 1) iid

We assume that the priors are independent.

6.2.6 MCMC iteration

Next, we iterate through the following steps, which consist of sampling from the conditional posterior
distributions of utilities, beliefs, application costs, achievement types, and model parameters:

1. Draw mean-utility parameters β(s+1) and mean benefit µ(s+1)
b from the distribution of β̃|ũ(s), Σ̃(s)

and µ̃b|b̃(s), σ̃
(s)
b

2. Draw variance of benefit term (σ̃2b )
(s+1) from the distribution of σ2c |µ

(s+1)
b , b(s).

3. Draw covariance matrix Σ(s+1) from the distribution of Σ|β(s+1), u(s), α(s).

4. Draw belief variance parameters σ(s+1)
ν , σ(s+1)

η from their posterior distribution given shiftij
for i ∈ I, j ∈ J .

5. For each individual in the dataset:

(a) Draw utility u(s+1)
i from the posterior distribution of ũi given β,Σ, i’s decision to accept

or decline his placement (if offered one), and constraints implied by the optimality of i’s
report.

(b) Draw b̃
(s+1)
i from the posterior distribution of b̃i given ṽi(ũ

(s+1)
i ) and constraints implied

by the optimality of i’s report.

(c) Draw shock realizations ε̃surveyi and ε̃ei from their posterior distributions given ũi and the

constraints Γ′i,(shock) ∗

 ui
εsurveyi

εei

 ≥ 0.

(d) Draw errors in beliefs from the posterior distribution of beliefs νi, ηi conditional on γ, ṽi,
and b̃i.
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Utilities: In order to update utilities, for each individual we iterate through the various schools,
updating the terms ũij sequentially. Because ũi is jointly normal, the distribution of uij |ui,−j , β,Σ
is normal with known mean and variance.

The restriction Γ′i ∗ (vi − bi) ≥ 0 implies that ṽij must belong to a (known) interval whose
endpoints depend on ṽi,−j and b̃i.13 Recall that ṽij = log(1+exp(ũij)) is a monotone transformation
of ũij . Therefore, if we use only the information from the optimality of the report and the current
values of other variables and parameters, updating uij consists of drawing from a truncated normal
distribution.

Beliefs: In order to update beliefs subject to the constraints provided by the survey, we take a
standard Metropolis-Hastings step using a symmetric normal proposal density. For each individual,
we draw a vector ∆(shifti) ∼ N(0, σproposal ∗ I), and construct a new proposal shift′i = shifti +
∆(shifti). We update to the proposed draw with the appropriate Metropolis-Hastings acceptance
probability. We reject the proposal with probability 1 if it violates the constraints imposed by the
survey or causes the observed report to become non-optimal.14 We tune the variance of the proposal
density so that roughly one third of draws are accepted. We similarly draw ν ′i = νi + ∆(νi) where
∆νi ∼ N(0, σpropose,ν) and accept or reject according to the the appropriate Metropolis-Hastings
acceptance probability.

Implementation: We use a chain of 24000 iterations. We discard the first 12000 draws in order
to allow for burn-in.

13Similarly, bi must belong to an interval with known endpoints that depend on ṽi.
14Individuals’ belief components νi and ηij are distributed according to truncated normal distributions. If the

report is optimal and consistent with the survey, the densities of η and ν are proportional to normal densities.
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7 Results

We report initial parameter estimates and credible intervals in Table 13. We show .025, .5, and .975
quantiles of the posterior distribution.15 While we recover a full distribution, the median may be
taken as a point estimate. To interpret the coefficients recall that the coefficient on miles traveled
is equal to -1.

Table 13: Parameter Estimates

Quantile .025 .5 .975
1(defaulti = cross) -0.609 0.17 1.257
1(low SES) -0.807 -0.327 0.351
1(low SES) x 1(gradej ∈ A,B,C) -0.731 -0.096 0.508
distToZoned 0.267 0.4 0.519
δ Achievement First Amistad HS (1) -0.697 0.701 1.998
δ Common Ground Charter (2) -5.218 -1.73 1.38
δ Coop. Arts and Humanities (3) 1.125 2.334 3.424
δ Engineering & Science Univ. HS (4) -3.47 1.088 2.37
δ High School in the Community (5) -1.145 0.402 1.565
δ Hill Regional Career (6) 1.054 2.265 3.43
δ Hillhouse (7) -5.092 -3.342 -0.231
δ Hyde School (8) 4.22 6.703 8.968
δ Metropolitan Business Academy (9) -0.35 1.139 2.361
δ New Haven Academy (10) -2.054 -0.156 1.01
δ Riverside Education Academy (11) -5.213 -2.388 -0.867
δ Wilbur L. Cross High School (12) -8.892 -2.893 2.165
µb 0.677 1.076 1.357
σb 0.633 1.01 1.291
σsurvey 2.48 3.179 4.279
σν(low SES) 0.003 0.003 0.004
σν(high SES) 0.002 0.003 0.004
ση(low SES) 1.375 1.582 1.739
ση(high SES) 1.175 1.264 1.345

Notes: The coefficients on Wilbur Cross and Hillhouse apply only to students
who are not zoned into these schools. The coefficient on the own zoned school
is set equal to zero.

15In the appendix we provide trace plots for each variable.
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Table A3 in the appendix shows 90% credible intervals for each element of the utility shock
covariance matrix Σ.

We first consider the parameters governing the deviation of subjective beliefs from rational
expectations values. Figure A1 shows a trace plot of belief parameters along the chain. Our
estimates of ση converge to values far from zero. To interpret the magnitude, note that that there
is an interval of length 1 for each report-specific priority type such that if the cutoff lies in this
interval, the type is rationed. We find that the student-level components of errors in beliefs are
small, but the idiosyncratic components have standard deviations of roughly 1.5 and 1.2 for low-
and high-SES households respectively, indicating that households are likely to be mistaken about
the round in which the capacity constraint binds, with low-SES households making larger errors.
The model estimates are qualitatively and quantitatively similar to the descriptive estimates of the
distribution of the shift term reported in Section 4.

Next, we examine the parameters that relate to all non-default schools. Recall that the mean
utility of students’ own zoned school is normalized to zero. To allow for differences across zones, we
let the taste for all inside schools differ: the coefficient on 1(defaulti = cross) allows students in
the Wilbur Cross zone to have a higher taste for all non-neighborhood schools than students in the
Hillhouse zone. We find a point estimate of .17 miles traveled, but the credible interval covers zero.
We find also that distance from the zoned school increases households’ taste for all other schools
relative to the outside option, which includes the zoned school.

We allow for differences in application patterns across SES groups to reflect differences in tastes
as well as beliefs. In particular, we allow low-SES households to have lower taste for non-default
schools relative to the outside option. We find that the point estimate is negative but the interval
covers zero. In addition, we allow low-SES households to have a different taste for low-performing
schools. To construct this measure, we use the “school report cards” provided by the Connecticut
Coalition for Achievement Now.16 Five of the twelve high schools receive grades of “B” or “C”, while
the remainder receive “D” or “F” grades. Our estimates do not show a difference by SES in taste
for lower-graded schools.

We find that utilities differ systematically across schools. Riverside, which is an alternative
school, has mean utility of 2.4 additional miles traveled at the point estimate, while Coop Arts
and Hill Regional Career have high mean utilities equivalent to 2.3 fewer miles traveled. Hyde is a
geographic outlier in that it is located in North Haven, 10 to 15 miles from most households; the
high mean utility of 6.7 fewer miles traveled does not imply that it is the most preferred. We find
that, on average, receiving a placement is costly, with µb ∈ (.7, 1.4), but the standard deviation
is equivalent to approximately one mile as well. Measurement error in reported preferences has a
standard deviation of roughly 3 miles traveled, suggesting that elicited first- and second-choice data
is informative but not perfectly so.

We now turn to an analysis of households’ welfare. Our procedure estimates the joint distribu-
tion of parameters and utilities. Using this distribution, we are able to compute each household’s
expected welfare according to its utility and the true rational-expectations admissions chances under

16http://http://reportcards.conncan.org/
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the application it submitted. We compute average utility at every 10th iteration along the Markov
chain after the burn-in period, and divide by |β̃dist| to measure welfare in miles traveled. In the first
counterfactual, we endow each household with correct information about cutoffs and chances (that
is, we set shiftij = 0 for all i and j) and solve for an equilibrium of the New Haven mechanism. An
alternate interpretation of this counterfactual is as the result of providing a strategic and informed
‘proxy’ player with each applicant’s cardinal utilities and allowing the proxy player to submit the
application list (Budish and Cantillon, 2012).

In the second counterfactual, we simulate outcomes under deferred acceptance. To evaluate
deferred acceptance, we maintain the limit of at most four schools per application. Under the
resulting “truncated deferred acceptance” procedure it need not be optimal to report truthfully (see
Fack et al. (2015)). Accordingly, in the second counterfactual we simulate equilibrium play under
this mechanism, together with rational expectations. Finally, as imposing rational expectations may
overstate the gains from deferred acceptance, we simulate play under the same truncated deferred
acceptance procedure with truthful play, in which households list their most-preferred schools in
order, up to a maximum of 4, but stopping if vij − bi < 0 for the best remaining j, regardless of
beliefs.

There may potentially be multiple equilibria under rational expectations and under “sophis-
ticated” truncated deferred acceptance. We select an equilibrium as follows. We start with the
distribution of cutoffs π0 that we recovered from the data in step 1. We then compute optimal
applications for each household. Given the new applications and our resampled draws, we compute
a new distribution of cutoffs π′. We obtain new cutoffs π1 = (1−α)π0 +απ′ for α ∈ (0, 1) pointwise
in each resampled market, and compute optimal applications given π1. We iterate this procedure
until convergence.

Table 14 displays the posterior distribution of mean welfare in the market, as measured in
miles traveled. In the first column, labeled “benchmark”, we display quantiles of this distribution
under the New Haven mechanism. The second column, “RatEx”, shows quantiles of the posterior
distribution under optimal reports with rational-expectations beliefs in the New Haven mechanism.
The third and fourth columns show the distribution of mean welfare under deferred acceptance.
The final three columns show the distribution of welfare differences between rational expectations
and the benchmark, and between deferred acceptance (“rational” and “naive”) and the benchmark,
respectively.
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Table 14: Distance-Metric Welfare: Benchmark and Counterfactuals

quantile (benchmark) (RatEx) (DA) (Naive DA) RatEx - NH DA - NH Naive DA - NH
0.05 1.777 1.965 1.881 1.851 0.166 0.065 0.047
0.25 2.032 2.213 2.117 2.09 0.174 0.081 0.053
0.5 2.129 2.318 2.234 2.208 0.182 0.093 0.068
0.75 2.306 2.487 2.412 2.385 0.191 0.106 0.079
0.95 2.429 2.654 2.541 2.503 0.211 0.117 0.083

Notes: This table displays quantiles of the posterior distribution of mean welfare. Welfare is measured using miles traveled
as the numeraire good.

The results show that aggregate welfare improves under both counterfactual policies. Taking
the median as a point estimate, the average household would be made better off by the equivalent
of .18 fewer miles traveled under rational expectations, and by .07 to .09 fewer miles traveled under
deferred acceptance. 95% posterior probability intervals for these differences do not cover zero. At
the .025 quantile of our estimate of these differences, the average household would benefit by the
equivalent of .166 miles from rational expectations, and by the equivalent of .047 miles from a switch
to deferred acceptance with everyone reporting truthfully.

Consistent with the literature (Agarwal and Somaini, 2014; Calsamiglia et al., 2014), however,
according to our estimates the New Haven mechanism under rational expectations would indeed
produce higher aggregate welfare than would deferred acceptance. Agarwal and Somaini (2014)
find a point estimate of the equivalent of .07 additional miles traveled when switching from the
Cambridge mechanism to deferred acceptance; we find an increase of .09 or .07 miles switching from
the New Haven mechanism to deferred acceptance under rational or naive play respectively.

Taken together, these findings show that misunderstanding and lack of information in New Haven
reverse the welfare comparison between a highly strategic mechanism (the New Haven mechanism)
and deferred acceptance, in which strategic behavior is less valuable.

We now discuss the distribution of welfare across households. We split the population into two
bins based on our SES measure: high-SES households (those in the top third of the distribution),
and the rest. While the qualitative pattern is the same for both SES groups, we find larger welfare
gains in low-SES households, who benefit on average by the equivalent of .108 or .196 miles from
switching to deferred acceptance or a best-case information intervention respectively, while high-SES
households benefit on average by .158 or .070 miles from these interventions.
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Table 15: Mean Distance-Metric Welfare: Low-SES

quantile (benchmark) (RatEx) (DA) (Naive DA) RatEx - NH DA - NH Naive DA - NH
0.05 1.817 2.018 1.933 1.897 0.169 0.07 0.048
0.09 1.877 2.082 1.99 1.961 0.177 0.075 0.049
0.25 2.03 2.231 2.122 2.1 0.187 0.087 0.064
0.5 2.142 2.352 2.259 2.216 0.196 0.108 0.076
0.75 2.297 2.5 2.417 2.388 0.212 0.122 0.086
0.95 2.416 2.646 2.542 2.505 0.231 0.136 0.108

Notes: This table displays quantiles of the posterior distribution of mean welfare for low-SES households only. Low-SES
households are the those in the the bottom 2/3 of the distribution of SES. Welfare is measured using miles traveled as the
numeraire good.

Table 16: Mean Distance-Metric Welfare: High-SES

quantile (benchmark) (RatEx) (DA) (Naive DA) RatEx - NH DA - NH Naive DA - NH
0.05 1.692 1.857 1.779 1.76 0.123 0.038 0.016
0.09 1.746 1.938 1.833 1.819 0.133 0.044 0.02
0.25 2.002 2.152 2.064 2.044 0.14 0.054 0.037
0.5 2.103 2.261 2.174 2.157 0.158 0.07 0.047
0.75 2.323 2.46 2.385 2.353 0.168 0.081 0.06
0.95 2.453 2.638 2.544 2.509 0.197 0.101 0.089

Notes: This table displays quantiles of the posterior distribution of mean welfare for high-SES households only. High-SES
households are those in the top 1/3 of the distribution of SES. Welfare is measured using miles traveled as the numeraire
good.

Finally, we consider the effects of policy changes on students’ human capital attainment. We
compute the average value-added of the schools that students of low- and high-SES, respectively,
are placed in under the baseline and each counterfactual policy. A working hypothesis is that
improving information may reduce inequality in outcomes. We find, however, that the effects on
the productivity of the school attended are small. Table 17 shows the effects of policy changes
on the test score gap, the difference between mean high-SES and mean low-SES value-added. As
before, value-added is measured in standard deviations of statewide math and ELA exam scores,
using OLS estimates that control for demographics and a cubic polynomial in prior test scores.
Under the baseline, high-SES students are placed in schools that add .022 more test-score points on
this scale.17 We find that gaps increase under counterfactuals at the point estimates but the effects

17This differs from the gap reported in Table 10 because it includes all ninth-graders in the population, rather than
survey participants in both grades.
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are small in percentage terms and the credible intervals cover zero. Table A5 and Table A6 in the
appendix show results for each group separately. We regard these results as preliminary because,
as noted in Section 3, our value added estimates do not yet incorporate exogenous variation in
admissions outcomes generated by school lotteries.

Table 17: Value-Added: High-SES - Low-SES

quantile (benchmark) (RatEx) (DA) (Naive DA) RatEx - NH DA - NH Naive DA - NH
0.025 0.022 0.021 0.022 0.021 -0.002 -0.0 -0.002
0.5 0.022 0.022 0.024 0.024 0.0 0.002 0.001

0.975 0.022 0.025 0.026 0.025 0.003 0.004 0.003

Notes: This table displays quantiles of value-added “gap” between high- and low-SES households. Low-SES households
are the those in the the bottom 2/3 of the distribution of SES.
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8 Conclusions

This paper studies the performance of a centralized school choice mechanism that rewards strategic
behavior when participants have heterogeneous beliefs about how their reports to the mechanism
map to placement probabilities. To do so, we conduct a household survey asking actual and po-
tential choice choice participants about their preferences and beliefs, and link our survey data to
administrative records of the school choice process. We use our linked data to describe heterogeneity
in beliefs and to estimate a model of school choice that allows for belief heterogeneity. Our survey
data help us overcome challenges associated with separately identifying beliefs and preferences, and
allow us to analyze the effects of counterfactual policy changes without making strong assumptions
on applicants’ equilibrium play.

Our descriptive findings show that school choice participants make large errors about the prob-
abilities of admission associated with actual and hypothetical application portfolios, and that par-
ticipants who make large errors are less likely to be placed in their most-preferred schools. Though
beliefs are correctly centered, the average absolute difference between subjective and rational ex-
pectations beliefs about admissions probabilities is roughly 30 percentage points, with larger errors
for low-SES students. Students with absolute errors greater than the median are 17 percentage
points less likely to be placed in their most-preferred school, compared to a base rate of 33%. Coun-
terfactual policy simulations based on model estimates that incorporate our survey data indicate
that the ordering of deferred and immediate acceptance mechanisms by welfare outcomes depends
on the accuracy of students’ beliefs about admissions chances. Though the immediate acceptance
mechanism is preferable when students have rational expectations about choice probabilities, the
deferred acceptance mechanism raises welfare given the distribution of belief errors we observe in
our data.

We conclude with a discussion of external validity and policy relevance. The main conclusion
we draw from our findings is that policymakers designing school choice processes should consider
the informational environment in their district when selecting an assignment mechanism. Given
the SES gradient we observe in belief errors, our specific findings are likely most relevant for lower-
income districts. Within this set of districts, however, we view New Haven as close to a best
case scenario with respect to the information available to participants. A centralized immediate
acceptance choice procedure had been in place for at least 18 years at the time we conducted our
survey, and the school district conducts extensive outreach aimed at helping students and parents
learn about the process. We would expect potential choice participants in districts where choice
has been more recently adopted or where the district conducts more limited outreach to have,
if anything, noisier expectations. Whether further informational interventions can push students
closer to fully informed strategic decision making and, if so, what such interventions might look
like, is an important topic for future research.

42



References

Abdulkadiroğlu, Atila, Joshua D. Angrist, Yusuke Narita, and Parag A. Pathak, “Re-
search Design Meets Market Design: Using Centralized Assignment for Impact Evaluation,” Work-
ing Paper 21705, National Bureau of Economic Research November 2015.

, Nikhil Agarwal, and Parag A. Pathak, “The Welfare Effects of Coordinated Assignment:
Evidence from the NYC HS Match,” Working Paper 21046, National Bureau of Economic Re-
search March 2015.

, Parag A. Pathak, Alvin E. Roth, and Tayfun Sönmez, “The Boston Public School
Match,” American Economic Review, May 2005, 95 (2), 368–371.

, , and , “The New York City High School Match,” American Economic Review, May 2005,
95 (2), 364–367.

, Parag Pathak, Alvin E. Roth, and Tayfun Sonmez, “Changing the Boston School Choice
Mechanism,” Working Paper 11965, National Bureau of Economic Research January 2006.

, Yeon-Koo Che, and Yosuke Yasuda, “Resolving Conflicting Preferences in School Choice:
The "Boston Mechanism" Reconsidered,” American Economic Review, February 2011, 101 (1),
399–410.

Agarwal, Nikhil and Paulo Somaini, “Demand Analysis using Strategic Reports: An application
to a school choice mechanism,” Working Paper 20775, National Bureau of Economic Research
December 2014.

Ajayi, Kehinde, “School Choice and Educational Mobility: Lessons from Secondary School Ap-
plications in Ghana,” 2015. Boston University Working Paper.

, “Student Performance and the Effects of Academic versus Nonacademic School Attributes,”
2015. Boston University Working Paper.

Angrist, Joshua D., Peter Hull, Parag A. Pathak, and Christopher Walters, “Leveraging
Lotteries for School Value-Added: Testing and Estimation,” 2015, (20775).

Azevedo, Eduardo and Jacob Leshno, “A Supply and Demand Framework for Two-Sided
Matching Markets,” Journal of Political Economy, 2016. Forthcoming.

Budish, Eric and Estelle Cantillon, “The multi-unit assignment problem: Theory and evidence
from course allocation at harvard,” The American economic review, 2012, 102 (5), 2237–2271.

Calsamiglia, Caterina and Maia Guell, “The Illusion of School Choice: Empirical Evidence
from Barcelona,” Working Papers 712, Federal Reserve Bank of Minneapolis May 2014.

, Chao Fu, and Maia Güell, “Structural Estimation of a Model of School Choices: the Boston
Mechanism vs. Its Alternatives,” Working Papers 2014-21, FEDEA December 2014.

Cullen, Julie Berry, Brian A Jacob, and Steven Levitt, “The Effect of School Choice on

43



Participants: Evidence from Randomized Lotteries,” Econometrica, 2006, 74 (5), 1191–1230.

de Haan, Monique, Pieter A. Gautier, Hessel Oosterbeek, and Bas van der Klaauw,
“The Performance of School Assignment Mechanisms in Practice,” IZA Discussion Papers 9118,
Institute for the Study of Labor (IZA) June 2015.

Deming, David J., Justine Hastings, Tom Kane, and Doug Staiger, “School Choice, School
Quality and Postsecondary Attainment,” American Economic Review, 2014, 104 (3), 991–1013.

Dinerstein, Michael and Troy Smith, “Quantifying the Supply Response of Private Schools to
Public Policies,” SIEPR Working Paper, 2014.

Dur, UM, Robert G Hammond, and Thayer Morrill, “Identifying the Harm of Manipulable
School-Choice Mechanisms,” Technical Report, mimeo 2015.

Ergin, Haluk and Tayfun Sonmez, “Games of School Choice under the Boston Mechanism,”
Journal of Public Economics, January 2006, 90 (1-2), 215–237.

Fack, Gabrielle, Julien Grenet, and Yinghua He, “Beyond Truth-Telling: Preference Esti-
mation with Centralized School Choice,” CEPR Discussion Papers 10907, C.E.P.R. Discussion
Papers October 2015.

Hastings, Justine S. and Jeffrey M. Weinstein, “Information, School Choice, and Academic
Achievement: Evidence from Two Experiments,” The Quarterly Journal of Economics, 2008, 123
(4), 1373–1414.

Hastings, Justine, Thomas Kane, and Douglar Staiger, “Heterogeneous Preferences and the
Efficacy of Public School Choice,” 2009. Unplublished Working Paper.

He, Yinghua, “Gaming the Boston School Choice Mechanism in Beijing,” TSE Working Papers
12-345, Toulouse School of Economics (TSE) May 2012.

Huelin, Rob, “New Haven School Join Drive to Diversify,” 1996. The Yale Herald, published
February 23.

McCulloch, Robert and Peter Rossi, “An exact likelihood analysis of the multinomial probit
model,” Journal of Econometrics, 1994, 64 (1-2), 207–240.

Neilson, Christopher A., “Targeted Vouchers, Competition Among Schools, and the Academic
Achievement of Poor Students,” 2013. Princeton University Working Paper.

Pathak, Parag, “The Mechanism Design Approach to Student Assignment,” Annual Review of
Economics, 2011, 3 (1), 513–536.

Pathak, Parag A. and Tayfun Sönmez, “Leveling the Playing Field: Sincere and Sophisticated
Players in the Boston Mechanism,” American Economic Review, September 2008, 98 (4), 1636–52.

Smart Choice, “Our Clients,” https://smartchoicetech.com/clients/ 2016. Accessed 2016-08-
05.

44

https://smartchoicetech.com/clients/


Walters, Christopher, “The Demand for Effective Charter Schools,” Working Paper 20640, Na-
tional Bureau of Economic Research October 2014.

45



A Appendix A

A.1 Additional Tables and Figures

Table A1: Summary Statistics: Ninth Grade Lottery Applications

School In App (%) 1st or 2nd in App (%) 1st in App (%)
Achievement First Amistad HS 13.79 7.05 2.45

Common Ground Charter 11.75 6.33 3.27
Coop. Arts and Humanities 52.20 39.84 26.97

Engineering and Science Univ. HS 18.28 13.38 7.46
High School in the Community 22.06 10.83 5.52

Hill Regional Career 60.16 47.50 30.13
Hillhouse 3.88 1.63 0.51

Hyde School 22.57 11.64 4.70
Metropolitan Business Academy 40.76 25.54 9.50

New Haven Academy 27.48 13.99 5.41
Riverside Education Academy 2.76 1.74 1.02
Wilbur L. Cross High School 11.95 5.92 3.06

Notes: N = 979 students enrolled in NHPS eighth grade and participating in lottery.

46



Table A2: Summary Statistics: Kindergarten Lottery Applications

School In App (%) 1st or 2nd in App (%) 1st in App (%)
Amistad Academy Elementary 31.29 20.86 12.43
Augusta Lewis Troup School 3.00 1.43 0.71

Barnard Environmental Studies School 9.00 5.86 4.14
Beecher Museum School 10.00 5.29 2.43

Bishop Woods Executive Academy 8.29 5.57 2.86
Booker T. Washington Academy Charter 8.43 3.29 1.29

Brennan-Rogers 6.29 3.86 2.00
Celentano Biotech Health and Medical 8.71 5.29 3.57

Christopher Columbus Family Academy 10.43 7.29 4.43
Clinton Avenue School 6.00 3.00 1.71

Conte-West Hills 10.14 6.29 3.29
Davis Street Arts and Academics 12.57 7.14 3.00

East Rock Community 14.86 8.86 5.43
Edgewood 14.00 6.00 3.14

Elm City College Preparatory Charter 20.71 15.00 7.00
Elm City Montessori 7.00 4.00 1.57

Fair Haven School 7.43 4.29 2.00
Hill Central School 8.29 5.71 3.14
Jepson Multi-Age 8.14 4.29 1.86
John C. Daniels 14.57 10.43 5.14

John S. Martinez 16.57 11.43 7.14
King-Robinson School: an IB World School 6.71 4.14 1.86

Lincoln-Bassett Community School 1.29 1.00 0.29
Mauro-Sheridan Sci/Tech/Communications 8.86 5.00 1.86

Nathan Hale School 7.00 5.29 4.43
Quinnipiac Real World Math STEM 4.00 1.57 0.57

Roberto Clemente Leadership Academy 7.00 3.14 1.57
Ross Woodward Classical Studies 7.14 4.00 1.71

Strong 21st Century Communications 4.14 1.71 0.57
Truman School 7.14 3.43 2.57

West Rock Authors Academy 2.00 1.14 0.57
Wexler-Grant Community School 4.00 1.29 0.71

Wintergreen 7.71 3.57 2.29
Worthington Hooker School 8.14 5.29 2.71

Notes: N = 700 students enrolled in city pre-K and participating in lottery.
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Table A3: 90% Credible Intervals, Σ

Variable (1) (2) (3) (4) (5) (6)
Achievement First Amistad HS (1) (9.46, 18.27)

Common Ground Charter (2) (9.07, 17.08) (10.95, 37.1)
Coop. Arts and Humanities (3) (8.96, 15.61) (3.79, 11.87) (14.89, 22.31)

Engineering & Science Univ. HS (4) (13.16, 27.86) (11.31, 31.87) (10.58, 23.68) (16.96, 63.4)
High School in the Community (5) (9.91, 16.88) (7.58, 18.03) (13.09, 20.05) (12.93, 26.47) (14.66, 24.5)

Hill Regional Career (6) (12.36, 22.38) (7.77, 17.78) (15.56, 24.04) (15.48, 30.72) (16.34, 24.94) (24.18, 40.76)
Hillhouse (7) (-6.47, 0.32) (-7.03, -0.7) (-6.49, 0.36) (-8.72, 2.72) (-6.52, 0.44) (-5.49, 2.58)

Hyde School (8) (11.6, 18.79) (2.58, 11.09) (10.33, 19.12) (18.52, 41.88) (11.8, 20.72) (18.62, 28.29)
Metropolitan Business Academy (9) (10.67, 19.14) (6.25, 16.88) (14.61, 22.74) (14.22, 29.81) (16.44, 26.14) (19.5, 30.64)

New Haven Academy (10) (10.06, 18.63) (3.76, 13.24) (13.58, 23.15) (13.51, 31.34) (15.52, 26.64) (17.49, 29.07)
Riverside Education Academy (11) (3.38, 8.17) (3.63, 12.36) (5.2, 9.98) (3.42, 13.82) (6.02, 12.65) (-1.5, 8.35)
Wilbur L. Cross High School (12) (-17.12, -1.66) (-24.12, -1.86) (-7.84, 1.25) (-47.09, -3.22) (-10.85, 0.68) (-9.47, 3.88)

Variable (7) (8) (9) (10) (11) (12)
Achievement First Amistad HS (1)

Common Ground Charter (2)
Coop. Arts and Humanities (3)

Engineering & Science Univ. HS (4)
High School in the Community (5)

Hill Regional Career (6)
Hillhouse (7) (0.8, 4.5)

Hyde School (8) (-4.89, 6.23) (24.88, 49.78)
Metropolitan Business Academy (9) (-6.55, 1.29) (16.56, 27.09) (19.12, 30.65)

New Haven Academy (10) (-6.94, 1.85) (18.54, 32.59) (18.12, 31.33) (17.46, 36.42)
Riverside Education Academy (11) (-5.64, -0.68) (-4.14, 6.1) (5.01, 12.05) (4.05, 12.25) (5.63, 12.38)
Wilbur L. Cross High School (12) (-2.5, 5.65) (-24.59, -0.57) (-10.42, 1.55) (-11.91, 0.86) (-7.08, -1.87) (1.83, 44.77)

Table A4: Heterogeneity in Distance-Metric Welfare

quantile (benchmark) (RatEx) (DA) (Naive DA) RatEx - NH DA - NH Naive DA - NH
0.05 0.381 0.702 0.617 0.576 -0.769 -1.005 -0.981
0.1 0.709 0.934 0.838 0.813 -0.476 -0.66 -0.679
0.25 1.026 1.25 1.119 1.101 -0.069 -0.283 -0.292
0.4 1.458 1.496 1.465 1.46 0.0 -0.106 -0.12
0.5 1.714 1.797 1.713 1.709 0.013 0.0 0.0
0.6 2.487 2.97 2.824 2.762 0.296 0.123 0.065
0.75 3.988 4.284 4.228 4.105 0.757 0.748 0.69
0.9 4.992 4.829 4.799 4.74 1.064 1.076 1.021
0.95 5.766 5.458 5.389 5.308 1.608 1.638 1.474

Notes: For each person in the population, we calculate the posterior mean welfare. This table displays quantiles of this
distribution over individuals, under the benchmark, under Bayes Nash equilibrium of the New Haven mechanism, and
under student-proposing deferred acceptance.
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Table A5: Value-Added: Low-SES

quantile (benchmark) (RatEx) (DA) (Naive DA) RatEx - NH DA - NH Naive DA - NH
0.025 -0.14 -0.141 -0.142 -0.143 -0.001 -0.003 -0.003
0.5 -0.14 -0.14 -0.14 -0.142 0.0 -0.001 -0.002

0.975 -0.14 -0.138 -0.139 -0.14 0.002 0.0 -0.0

Notes: This table displays quantiles of value-added of the “placed” school for low-SES households only. Low-SES house-
holds are the those in the the bottom 2/3 of the distribution of SES.

Table A6: Value-Added: High-SES

quantile (benchmark) (RatEx) (DA) (Naive DA) RatEx - NH DA - NH Naive DA - NH
0.025 -0.118 -0.119 -0.118 -0.12 -0.002 -0.0 -0.003
0.5 -0.118 -0.117 -0.116 -0.118 0.001 0.001 -0.001

0.975 -0.118 -0.115 -0.115 -0.117 0.003 0.003 0.001

Notes: This table displays quantiles of value-added of the “placed” school for high-SES households only. High-SES house-
holds are those in the top 1/3 of the distribution of SES.
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Figure A1: Trace Plots: Beliefs
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Figure A2: Trace Plots: δj
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Figure A3: Trace Plots: Other Utility Parameters
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Figure A4: Trace Plots: Preference Shocks
√

Σ(j,j)
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Figure A5: Trace Plots: Measurement Error σsurvey
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Figure A6: Trace Plots: Placement Cost

55



A.2 Data and Fieldwork

A.2.1 Administrative Data

New Haven Public Schools is a large school district similar to many urban school districts across
the United States. Administrative student-level data was given to us with permission from New
Haven Public Schools (NHPS). The data contain information for approximately 20,000 students,
and includes student race, gender, school lunch status, test scores, and other information. NHPS is
a majority-minority school district - nearly 90% of students are either black or Hispanic - and more
than 80% are eligible for free lunch.

A.2.2 New Haven Home Sales Data

Data on home prices used to create measures of SES come from the City of New Haven’s official
tax assessor’s website. This dataset includes the universe of residential homes. A sales history is
included for each property listed on the websites, along with various property characteristics such as
street address, home square footage, acerage, number of rooms, and more. Table A7 shows summary
statistics for all home sales in New Haven between 2005 and 2015. In order to construct our measure
of student socioeconomic status (SES), we first regress real (2015 dollar) per-square-foot sale prices
of New Haven homes on time dummies and obtained residuals. We then compute the implied price
per square foot at each location using a normal kernel with bandwidth .05 miles. See Section 3.4
and Figure 1 in the text for more details.

A.2.3 Data Collection

In addition to administrative records provided to us by NHPS, we designed and conducted a house-
hold survey named "New Haven School Choice Survey: Empowering Choice through Information
and Understanding". Funded by the Industral Relations Section of Princeton University and the
Cowles Foundation at Yale University, we worked together with the district to collect data directly
from potential participants in the school choice mechanism. NHPS provided student-level admin-
istrative data that contained the universe of the sample population and also information relevant
for contacting the families. We conducted in-person interviews with over 200 families. We inter-
viewed parents and guardians of students at their homes in an anonymous questionnaire that last
approximately 20 minutes. This survey was conducted in collaboration with NHPS and experienced
field personnel with prior experience conducting similar surveys in projects done with JPAL LAC.
The field work was conducted during August to October of 2015. The survey was implemented on
Samsung Galaxy Tab 7 and programmed using SurveyCTO. The household survey was designed
and tested in small focus groups three occasions during the two months prior to the field work.

The team of surveyors was composed by ten active members who were recruited using on-
line advertisement and Yale University’s public spaces for flyers. All of them received a two-day
training that prepared them for the use of the tablet and regulation regarding interacting with
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Table A7: New Haven Home Sales Data

2005-2015 2005-2009 2010-2015
Mean Price ($1,000s) 216.9 240.1 176.5

Median Price ($1,000s) 193.6 222.7 136.0

Square Feet 2,032 1,983 2,118

Acreage 0.119 0.115 0.126

Bedrooms 4.37 4.35 4.41

Bathrooms 2.16 2.15 2.19

Rooms 8.35 8.22 8.57

High Quality 0.323 0.306 0.353

N 11,221 7,112 4,109

Notes: This table shows summary statistics (means) for all residential prop-
erty sales in New Haven between 2005 and 2015. Prices are in 2015 dollars.
Data were collected from the City of New Haven’s offical tax assessor web-
site database (see http://gis.vgsi.com/newhavenct/).
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human subjects. Almost half of the surveyors were bilingual English and Spanish speakers which
was useful given a significant proportion of the population in New Haven is Hispanic. The two-day
training covered the following topics:

• Day 1: Introduction regarding data confidentiality and safety. Logistics procedures were
discussed.

• Day 2: Practical training of the instrument in a random neighborhood where we tested their
skills to approach the families and their accuracy while using the instrument.

• CITI Certificate: All surveyors had to complete an on-line course for IRB purposes where
they learned about dealing with private and confidential data.

Each of these items were mandatory before going to the field. Also, all personnel were supervised
by a field coordinator who monitor and verified the data collection process. Each surveyor was
assigned with a route sheet that included the closest selected households in a neighborhood in order
to facilitate their work. The field coordinator selected the routes of households to reach certain
geographic and demographic coverage goals.

A.2.4 Recruiting Participants

Parents’ participation was voluntary and there was no compensation (neither monetary nor non-
monetary) for their participation.

• In partnership with NHPS, the district contacted the households via phone-calls to announce
their participation in the project.

• When the surveyors visited each house, they announced the project and handed in a business
card (see Figure A7) with study contact information. Parents or guarding who agreed to
participate signed an informed consent.

• In case of finding no one at home, we left a door hanger with contact information (see Figure
A8)

• Also, surveyors had the chance to re-schedule the interview if the respondent had time issues
at the moment.
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Figure A7: Business Card used during Fieldwork
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Figure A8: Door Hanger used during Fieldwork
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B Appendix B: Survey Questionnaire

B.1 Introduction and Consent
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B.2 Basic Information
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Only if previous answer is “Other”.
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Only if Question 4’s answer is “9th grade”.
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Only if Question 6’s answer is “Other”.
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B.3 Application Process
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Only if Question 8’s answer is “No”.
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Only if Question 8’s answer is “No”.
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Only if Question 8’s answer is “Yes”.
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Only if Question 8’s answer is “Yes”.

76



B.4 Schools Ranking

Only if Question 8’s answer is “Yes”.
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Only if Question 8’s answer is “Yes”.
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Only if Question 8’s answer is “Yes”.
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B.5 Source of Information
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Note that Question 22 to Question 26 are asked only they are in“9th grade”.
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B.6 Placement Process
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Only if Question 32 answer is “Yes”.
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Only if Question 32 answer is “Yes”.
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Only if Question 51 answer is “Other”.
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Only if Question 60 answer is “Yes”.
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