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Abstract

In this paper, we examine how publicizing non-academic school quality informa-
tion—specifically, measures of student safety and satisfaction—affects families’ high
school preference rankings in New York City. Leveraging two plausibly exogenous in-
formation shocks, we find that families significantly increased their preference rankings
for schools with higher safety and satisfaction ratings, without a change in preferences
for schools’ academic measures. Responses varied by family background, with lower-
income students reacting more strongly to safety information. Importantly, we find
that the format in which the information is delivered matters. Student safety is a
school characteristic that parents value independent of how this information is deliv-
ered. However, families only value information about student satisfaction with course
and extracurricular variety, when the information becomes salient and accessible in
an interactive website. Our results suggest that non-academic school information can
influence families’ decisions, even in the absence of accountability policies.
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Introduction

As families increasingly make use of expanded school choice policies, such as open enroll-
ment districts, charter schools, and public vouchers for private schools, understanding and
communicating school quality has become critical. Since the Every Student Succeeds Act
(ESSA) replaced No Child Left Behind (NCLB) in 2015, states and school districts across
the US have shifted from relying solely on test-based measures of school quality to adopting
more holistic approaches (Erwin et al., 2021). ESSA mandates that, in addition to report-
ing traditional measures of school performance, states must publicly provide information on
other indicators of school quality and student success. For example, states may report met-
rics such as school climate or safety, factors that research shows may directly or indirectly
impact students’ short- and long-run outcomes (Angrist et al., 2025; Carrell & Hoekstra,
2010; Carrell et al., 2018; Porter et al., 2023).

Non-academic metrics of school quality are increasingly being used for public trans-
parency (Cotman et al., 2024; Jordan & Hamilton, 2019). This growing publicity of non-
traditional school metrics that were previously difficult to observe allows families to account
for new characteristics in their school choice decision-making—potentially helping families
better choose schools that produce what they value most (Friedman, 1962; Hoxby, 2003).

While much of academic research had previously focused on academic measures of school
quality—such as test score levels and growth—there is growing research of how non-academic
school characteristics, such as social environments, socioemotional development, and curric-
ular satisfaction, may play a role in shaping families’ school choices/preferences (Ainsworth
et al., 2023; Beuermann et al., 2023; Hailey, 2025; Harris & Larsen, 2023). However, research
on the value families place on non-academic school quality metrics or the impact of offering
clear and consistent non-academic information to the public is limited.

In this paper, we provide causal evidence of how publicized non-academic measures of
school quality affect families’ school preferences, and how these preferences vary by student
backgrounds. We leverage two plausibly exogenous shocks of information: one that revealed
new non-academic information and another that increased the salience of non-academic and
academic measures across NYC Public Schools in the mid-2010s.

Eighth grade NYC students are not automatically assigned to public neighborhood high
schools. Instead, the NYC Department of Education (NYCDOE) requires all students to
submit applications with their ranked list of schools and assigns students to schools based
on these listed preferences. Prior to 2016, the district published large physical high school
directory books that provided students with various measures of traditional school informa-
tion. In 2016, the NYCDOE began including two non-academic metrics that will be the



focus of our analysis: (1) school-level measures of students’ sense of safety and (2) students’
satisfaction with course and extracurricular variety. Then in 2017, the district re-released
all traditional and non-traditional measures of school quality in an online version of the
directory. By providing the information in a concise way and without changing account-
ability policies that may affect other school characteristics, we are able to isolate families’
preferences for non-academic measures of school quality.

We first show that schools’ student safety and satisfaction provide information about
dimensions of schools that are not captured by academic characteristics. Furthermore, we
find that while schools’ academics are highly predictable using traditionally-available school
characteristics, non-academic characteristics are substantially less predictable.

Next, we infer families’ preferences for school characteristics by examining their ranked
lists of school choices. Using descriptive analysis, we provide a baseline of families’ prefer-
ences for different school characteristics before the information shocks. Schools’ academic
levels have the strongest association with families’ preferences. In terms of schools’ non-
academic characteristics, we find a strong, although weaker, association between families’
preference rankings and measures of schools’ safety and satisfaction. In heterogeneity anal-
ysis, higher achieving students have a substantially stronger association between their pref-
erence rankings and schools’ safety, compared to lower-achieving students. However, we
find that lower- and higher-income students have similar preferences for schools with better
student safety measures. Lastly, we find that higher-achieving and higher-income families’
preference rankings are more strongly associated with schools’ student satisfaction and aca-
demic characteristics than that of their counterparts.

We then examine reactions to plausibly exogenous shocks of schools’ non-academic infor-
mation, through updating the physical High School Directories and starting an interactive
online high school directory. These shocks of information provide unique opportunities to
observe causal reactions in families’ school rank ordering to new information that is not
impacted by other intentional changes, such as school composition or accountability policies.
We identify the effect of publicly releasing both traditional and non-traditional measures of
school quality through event studies and a difference-in-differences framework.

Our event studies show flat relationships in families’” preferences with academic and non-
academic characteristics before the information shocks. Overall, we find that relative to the
pre-shock period, for every 10-percentile higher student safety and for every 10-percentile
higher student satisfaction, families” preference rankings for schools increased by about 0.14
and 0.12 percentile points, respectively, which are statistically significant at the 1% level.
These estimated impacts correspond with 27% and 16% increases in families’ preferences for

school safety and satisfaction. These information effects are greater than what is found in



the literature in response to school value-added information shocks in Romania (Ainsworth
et al., 2023) and in Los Angeles (Campos, 2024), but smaller than reactions to information
about school test score levels in Mecklenburg, NC (Hastings & Weinstein, 2008).

We find variation in how different subgroups of families react to the information shocks.
In general, lower-income students react more strongly to schools’ safety information than
their peers, while students exhibit similar reactions to information about schools’ student
satisfaction.

Importantly, our main results are robust to a series of alternative model specifications.
We also find similar results when examining the impact of information on families’ top-
ranked school choices. For school choices that have the largest consequence for students’
high school assignment, non-academic information shocks increased families’ preferences for
school safety and satisfaction by at least 25% and 11%, respectively.

Furthermore, we find that safety information in printed high school directories generated
an immediate and sustained shift in preferences when this information is first released in
2016. However families only react to satisfaction measures when the information is delivered
online through an interactive website.

We propose two potential mechanisms that help explain how non-academic school in-
formation shaped families’ school choice preferences: (1) increased information salience and
reduced search costs, and (2) the design and formatting of information in the directory.
First, by including non-academic information in the printed directory and launching the on-
line directory, the NYCDOE likely reduced the time and resources families previously spent
searching for this information. As a result, families could more easily identify schools with
higher levels of safety and academic quality, increasing demand for those schools. Supporting
this mechanism, we find stronger responses to safety information among student subgroups
that prior studies suggest face the greatest barriers to accessing such information. Further
evidence of reduced search costs comes from the larger impacts of student satisfaction and
academic information observed in 2018, which coincided with NYCDOE’s increased promo-
tion of the online directory and rising online search activity for the website in NYC.

Second, the structure of school performance data in the directory may help explain the
delayed effect of student satisfaction information until 2018. The website’s interactive search
tool encouraged users to filter schools by extracurricular programs, themes, and courses,
potentially prompting families to pay closer attention to the student satisfaction measure,
which reflects how current students perceive schools’ extracurricular and course offerings.

Relationship to the literature. We make several important contributions to three
strands of research. First, we contribute to a growing literature examining whether and how

much families value school characteristics beyond academic performance using revealed pref-



erence approaches.’ This literature has focused on utilizing various proxies to infer families’
preferences for non-academic-based school characteristics such as measures of student safety,
happiness, or satisfaction; extracurriculars; or schools’ causal impacts on crime, fertility, and
labor market participation (Ainsworth et al., 2023; Beuermann et al., 2023; Burdick-Will
et al., 2024; Gibbons & Silva, 2011; Hailey, 2025; Harris & Larsen, 2023; Jacob & Lefgren,
2007).? However, these studies must rely on selection on observables assumptions to estimate
preferences. We contribute to this literature by examining reactions to a plausibly exogenous
shock of new non-academic information.

This paper most directly contributes to research using information shocks to examine
how families value non-academic school quality.® Crespin (2025) shows that families react
positively to district-wide school social climate information in Chicago, leading to increases
in sales prices for homes assigned to better climate schools. This information shock par-
ticularly attracted higher-income homebuyers. While Crespin (2025) relies on home price
capitalization to proxy for families’ preferences, we are able to directly examine how fami-
lies’ ranked lists of school applications change in response to the information shocks without
relying on as large of investments as purchasing a home.

In concurrent work, Rachkovski (2025) examines how the initial release of information
about schools” academics, satisfaction, and violence impacted Israeli families’ middle school
preferences, in a context where no prior public data infrastructure existed. In contrast,
we explore the impacts of these types of novel data and increased information salience and
accessibility within an already-established information infrastructure. This is critical, as all
U.S. states and school districts currently maintain school data websites and report cards.
As such, our study provides a more policy-relevant approximation of how improving access
to existing school information could affect families” educational decisions.

Next, we contribute to a growing literature on the impacts of information on families’
preferences for school academic quality. Generally, this literature finds mixed evidence of
whether families value school academic impacts relative to school academic levels (Abdulka-
diroglu et al., 2020; Beuermann et al., 2023; Harris & Larsen, 2023). However, recent studies

have shown that information is an important driver of differences in preferences for school

!Studies consistently show that parents self-report having strong preferences for better social conditions
in schools (Gibbons & Silva, 2011; Goyette, 2014; Hassan & Geys, 2016; Idoux & Corradini, 2024); how-
ever, idealized perceptions and behavior may not necessarily manifest in real-life decisions through revealed
preferences (Bruch & Mare, 2012; Gibbons & Silva, 2011; Parker & Souleles, 2017).

2Some of these preference proxies include families’ ranked lists of schools, families’ requests for specific
teachers, or capitalization in the housing market.

3In a related literature, studies show that families have differential preferences for school racial and
economic composition, using an information experiment with self-reported preferences (Billingham & Hunt,
2016; Hailey, 2022a), or using natural experiments with property sales price capitalization as a proxy for
preferences (Clapp et al., 2008; Collins & Kaplan, 2022; Wada & Zahirovic-Herbert, 2013).



academic characteristics. Seminal work by Hastings and Weinstein (2008) used random-
ized experiments to show that providing families with information about schools’ average
test-scores has significant impacts on families’ ranking of schools. Moreover, providing in-
formation about schools’ test-based value-added has significant, although, smaller effects
(Ainsworth et al., 2023; Campos, 2024). Our study contributes to this literature by exam-
ining the impacts of non-academic information shocks on families’ ranking of schools.

Lastly, our paper contributes to a set of RCT-based studies of the impacts of providing
school academic information through physical, app-based, or online forms of communication.*
Relative to this literature, we study the impacts of improving accessibility of school academic
information throughout a whole school district, without external accountability pressures.’
This allows us to examine whether transitioning academic and non-academic information
from physical to online format throughout NYC has comparable results to their experimental
results with a smaller context. Additionally, past studies have been limited to examining
differences in reactions to school academic performance information by students with or
without free-lunch eligibility. However, in our study, we explore how context matters by
examining heterogeneity by neighborhood socioeconomics.

Roadmap. This paper is organized as follows: Section 1 discusses the institutional
background. Section 2 describes the data and sample. Section 3 examines whether school
quality is multidimensional beyond academics, and Section 4 shows how families’ preferences
are associated with school features. Section 5 describes the empirical approach, Section 6

presents the main results, and Section 7 examines potential mechanisms. Section 8 concludes.

4More specifically, Cohodes et al. (2022) show that school-level randomized controlled trials that provide
physical high school recommendation lists or introductions to app-based or online school choice tools reduce
the likelihood that students will apply to high schools with low graduation rates. Similarly, Valant and
Weixler (2022) demonstrate through a student-level RCT that providing families with school value-added
accountability grades—delivered through flyers, email, and text messages—increased the likelihood of selecting
high-growth schools. However, Corcoran et al. (2018) find that while directly providing lists to students
of nearby high schools with above median graduation rates did not significantly lead students to apply to
schools with higher graduation rates, it did reduce likelihoods of matching to low graduation rates schools.

5In a related line of research, studies have explored whether families’ school preferences are impacted
by school accountability ratings, which have external repercussions. Specifically, Rich and Jennings (2015)
show that a school accountability shock in Chicago led families to transfer their children out of schools with
worse academic ratings. Similarly, Corradini (2024) shows that the introduction of school accountability
ratings in NYC attracted students towards better-rated schools and away from lower-rated schools.



1 Institutional Background

1.1 What are student safety and satisfaction, and do they matter?

Research and practice are not always aligned in what constitutes as valuable non-academic
measures of school quality and how to measure them. One aspect of schools’ non-academic
characteristics emphasized by policy and in education research is school safety. In 2010, the
US Department of Education incentivized states to develop rigorous measurement systems
to assess the social conditions in their schools (Jennings, 2011). Through this process, the
US Department of Education developed the Safe and Supportive Schools framework (U.S.
Department of Education, 2013). This model focuses on three central components of school
climate —safety, engagement, and environment (Cohen et al., 2008; Thapa et al., 2013).

School safety typically refers to students’ protection from socioemotional and physical
threats inside and around school buildings (Cornell et al., 2021; Edwards, 2021; Thapa et al.,
2013). Correlational research shows that students with a stronger sense of school safety are
more academically engaged and have better academic performance (Davis & Warner, 2018;
Hamlin, 2021; Lacoe, 2020). Importantly, causal research shows that exposure to disruptive
classmates can have negative effects on students’ short- and long-run test scores, educational
attainment, and earnings (Carrell & Hoekstra, 2010; Carrell et al., 2018).

Research suggests that families factor safety into their school selections. Controlling for
other school characteristics, families avoid schools with more violence within and outside
school walls (Burdick-Will et al., 2021; Denice & Gross, 2016). Moreover, NYC families
are less likely to choose schools with more violence and disorder (Hailey, 2025). A recent
survey experiment further shows that, all else equal, NYC families prefer schools that current
students believe are safe (Hailey, 2022b).

Student curricular satisfaction also closely links to psychosocial measures of adolescents’
subjective assessment of their school quality. Huebner (1994) defines school satisfaction as
“student’s evaluation of the positiveness of his or her school experiences as a whole.” School
satisfaction measures commonly assess students’ evaluations of school-related curricula and
extracurricular activities. Students who report greater school satisfaction tend to exhibit
better socio-emotional well-being and lower absenteeism, but the relationship with academic
achievement remains unclear (Huebner & Gilman, 2006; Suldo et al., 2022).

While there is limited research on the benefits of schools’ student satisfaction, research
suggests that families may be willing to trade-off academic quality in exchange for student
satisfaction (Debs et al., 2023; Warikoo, 2024). Specifically, Jacob and Lefgren (2007) find
that parents tend to prefer teachers who promote student satisfaction over those who improve

student achievement. Similarly, Ainsworth et al. (2023) shows that families prefer schools



with a curricular focus that their student will enjoy, even at the expense of school value-

added, regardless of whether value-added information is available.

1.2 Measuring student safety and student satisfaction in NYC

Since 2006, NYCDOE has conducted annual surveys with teachers, parents, and sixth
through twelfth grade students at every public school. NYCDOE originally designed the
survey to provide insights into school engagement, communication, and safety (Nathanson
et al., 2013). The surveys represent students’ perceptions of their schools, as NYCDOE
aims to survey the full population of all students enrolled in each school. Each spring,
approximately 80% of all high school students complete the survey (NYC DOE, 2023).
While NYCDOE students answer multiple survey questions related to their perceptions of
school safety and satisfaction, in this study we focus on two specific student survey questions
that make the basis for our natural experiment. For the school safety measure, students
report how much they agree with the statement: “I am safe in the hallways, bathrooms,
and locker rooms at my school.” On the other hand, for the student satisfaction measure,
students are asked how much they agree with the statement: “My school offers a wide enough

variety of classes and activities to keep me interested in school.”®

1.3 The release of school information

In 2007, the NYCDOE printed its first high school directory. These physical 600-plus page
telephone book style directories included a profile page for each NYC high school. The
profiles described each school’s location and program highlights (i.e. general description,
courses, and admission requirements and eligibility). Since 2011, the directories have pre-
sented some version of high schools’ graduation rates. According to NYC school guidance
counselors and a recent survey of NYC eighth grade parents, families use the directory as
their primary information source on potential schools (Idoux & Corradini, 2024; Sattin-Bajaj
et al., 2018).

In this study, we leverage a shift in the school performance information that NYCDOE
published in the high school directory in 2016, as well as a shift in how the directories were
published starting in 2017. First, in 2016, the DOE released information about school safety
and student satisfaction on the high school directory profiles for the very first time.” Drawing

on schools’ student surveys from two years prior, the directory profiles listed the percent of

6This phrasing is similar to that used by Ainsworth et al. (2023) to measure students’ satisfaction, where
parents rate how much they agree that: My child will enjoy this track’s curricular focus.
"See Figures Al and A2 for examples of school profiles published in the Directory in 2016 and 2017.



students who “feel safe in the hallways, bathrooms, locker room, and cafeteria” and the per-
cent of students who “feel that this school offers a wide enough variety of programs, classes,
and activities to keep them interested in school.” The new items were included alongside
schools’ graduation and college enrollment rates, which had already been componted of the
directory since 2011 and 2012, respectively.

Next, in 2017, the DOE moved the high school directories to an online format through the
new SchoolFinder website to ease the school admissions process (Disare, 2016). SchoolFinder
offered three key features over the printed directories. First, families could access the school
directory information on their phones and computers. Second, NYCDOE published the
online directories in English and Spanish, while families would have to request Spanish ver-
sions of the printed directory. Third, families could use SchooolFinder’s digital search feature
to find schools with particular course and extracurricular offerings (i.e. soccer, art, etc.).
Publishing the directories online potentially impacted the visibility of all the school char-
acteristics. As such, we consider the online publication of the high school directory as an

additional information shock for all academic and non-academic school performance data.’

2 Data

We use three types of data to investigate the impacts of non-academic school information on
students’ ranked school choices. First, we use a database with every NYC families’ ranked-
ordered list of preferred high schools from 2012 to 2019. Second, we use NYCDOE adminis-
trative data that contain schools’ performance and demographic characteristics. Third, we
use data on the academic and non-academic school performance information published in
the NYCDOE directory. Below we describe these data sources in detail.

2.1 Families’ Preference Ranking Lists

NYC students are not automatically assigned to attend a neighborhood high school. Since
2004, NYCDOE requires all students enrolling in NYC public high schools to submit applica-
tions. On these applications, families list their rank-ordered preferences of up to 12 programs
out of 700 possible programs in 400 schools. NYCDOE uses a deferred acceptance, which

is a strategy-proof algorithm that matches students to schools based on students’ ranked

8An archived example can be found here: https://web.archive.org/web/20161129140243 /http://
schoolfinder.nyc.gov /#/schools/02M416 /keywords:eleanor

9The school performance data began including school attendance rates alongside school graduation and
college enrollment rates and the school safety and student satisfaction measures. As we show in Section 3,
attendance rates describe a very similar dimension of schools as graduation and college enrollment rates.
Therefore, we combine these three school characteristics into a single school academic index in Section 2.


https://web.archive.org/web/20161129140243/http://schoolfinder.nyc.gov/#/schools/02M416/keywords:eleanor
https://web.archive.org/web/20161129140243/http://schoolfinder.nyc.gov/#/schools/02M416/keywords:eleanor

preferences and schools’ admission requirements and priorities (Abdulkadiroglu et al., 2020).
Students’ rank-ordered lists are consequential for their high school assignments. NYCDOE
matches 44% of students to attend the first-ranked school on their application, and 80% to
one of their top-three ranked schools. On average, about 77,000 students submit high school
applications each year, across our study period (2011-12 to 2018-19). Students submit seven
schools on their preference lists, on average.

We obtain data on families’ ranked high school preferences from NYCDOE administrative
data distributed through the Research Alliance for NYC Schools.!Y Our dataset contains
separate observations for each student-by-ranked-school combination. We follow Ainsworth
et al. (2023) and calculate a measure of within-family preference percentile ranking (PPR)
by dividing a school’s rank in the family’s preference list by the number of schools listed.
The PPR is ordered such that a value of 1 indicates a family’s most preferred school.!!

These data also include students’ race/ethnicity, gender, residential borough, home lan-
guage, and eighth grade standardized test scores. It also contains indicators for whether the
student received free lunch and their special-education and English language learner status.
Additionally, we calculate student’s neighborhood income by merging students’ residential
zip code with annual adjusted gross income data from the IRS Statistics of Income Tax
Stats. Lastly, we proxy for distance between a student’s home and each school ranked in
their application by calculating the aerial distance between the centroid of their residential

Census tract and the corresponding school geographic coordinates.

2.2 School Characteristics

We also obtain school-level performance and demographic data from the NYCDOE. These
data include student safety and student satisfaction data from the NYCDOE School Survey
Archive, as well as graduation, college enrollment, and attendance rates from the NYC
School Quality and Progress Reports. We also have information about school demographics,
including poverty rates (as proxied by free-lunch eligibility), incoming students’ 8th grade
proficiency rates, and the enrollment shares of students with disabilities, English Language
Learners, and racial /ethnic groups from the NYCDOE Demographic Snapshots.

These data include the most recent school characteristics from the academic year that
students applied to school. They were not yet published in the directories nor in the NYC

School Quality Reports when students submitted their applications. For example, when

10The high school application data are compiled by Sean Corcoran.

HDue to computational limitations, we focus our analysis on student’s lists of ranked schools and exclude
schools outside their ranked lists from their choice set. Our analysis tells us about students’ within-list
ranking, rather than about students’ preferences across every possible school. Otherwise, we would have to
consider the Cartesian product of 70,000 applicants and 400 schools in each of the eight years of data.



assessing school preferences in 2019, we account for the school graduation rates in 2019;
these data would not be accessible to families in the NYC Quality Report until 2020.

We also obtain measures of peer quality and school value-added from various NYC’s
DOE websites.!? We specifically obtain schools’ average SAT scores going back to 2012.
NYCDOE calculates a measure of school value-added by generating an achievement index
for each school (based on various academic metrics, including graduation, regents, and SAT
scores), while controlling for student characteristics, such as incoming test scores, IEP status,

and economic need. We use the earliest available measures of value-added from 2015.

2.3 High School Directory Information

We obtain information on schools’ academic and non-academic performance as it is printed
in the high school directory. Notably, the directory includes data on student safety, stu-
dent satisfaction, graduation rates, college enrollment rates, and attendance rates, which
are sourced from the NYCDOE School Survey and the NYC School Quality and Progress
Reports. The high school directory data are lagged by two years due to the timing of their
availability. The NYCDOE prints the directory before the most recent School Survey and
Quality Reports are published.

The school characteristic data are distinct from those in the school directory in three ways.
First, NYCDOE directly advertises the directory information to families applying to high
schools, making it the most salient and accessible source of school information for applicants.
Second, the directory only includes lagged data from two years prior to its release. Third,
school demographic data are not available in either source. However, families can access
demographic information through alternative sources, such as visiting schools in person or
consulting non-profit school review websites (e.g., InsideSchools.org or GreatSchools), or

NYC and the State Department of Education school report cards.

2.4 Standardized measures of school characteristics/information

Because the school directories provide several pieces of information, we combine similar char-
acteristics into an index. We compute an “academic” index by taking a factor analysis (using
the principal-component factor method) of the directories’ graduation, college enrollment,
and attendance rates (in years when available), and then predict the first unrotated factor.
We create two versions of the index, one version based on the yearly information published
in the school directory, and the other version based on the average directory information

between 2016 and 2017. Appendix Table A1 shows the weights used to compute each index.

12See for example: https://tools.nycenet.edu/guide/2016/#dbn=02M411&report_type=HS.
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Lastly, we follow the literature and convert all of our measures of school characteristics
into percentile ranks (Ainsworth et al., 2023; Campos, 2024). To do this, we rank schools in
terms of the corresponding characteristic and then divide the school’s within-year rank by
the total number of schools with non-missing data. We order this measure such that a value

of one indicates the top ranked school in the district for the corresponding characteristic.

2.5 Descriptive Statistics

Table 1 presents averages and standard deviations for our analytic sample of NYCDOE
public high schools and student applicants, during our study period. The analytic sample
includes 437,764 students who applied to NYC public high schools, listing 339 schools on
their applications.

On average, the schools listed on students’ applications had a preference percentile rank
of 0.59. The PPR average leans to the right of the 50th percentile because PPRs range from
0.083 to 1, which excludes the value of zero.'* Among these schools, 82% of students felt
safe in the school and about three-quarters were satisfied with the school’s program, class,
and activity offerings. The average graduation rate for schools in our sample was 74%, the
college enrollment rate was 55%, and the attendance rate was about 87%.

Among applicants, three-quarters qualified for free or reduced-price lunch and their aver-
age neighborhood income was about $53,000. The racial composition of applicants was 43%
Latino, 29% Black, 15% Asian, and 13% White.

3 Multidimensionality of school quality

Since NCLB, public and academic discourse has emphasized academic-based school char-
acteristics. In response to this limitation, ESSA requires that schools collect and publish
information about non-academic-based school characteristics. However, if schools are uni-
dimensional, then achievement-based school qualities may encapsulate other dimensions of
schools. To assess this, we explore whether non-academic based school characteristics provide
information beyond the academic achievement of schools.

Using data from 2011-12 through 2014-15 (before the information shocks), we find that
schools’ student safety and satisfaction provide information about dimensions of schools
beyond their academic quality. This is in line with previous work on non-academic school
quality (Beuermann et al., 2023; Crespin, 2025; Hailey, 2025).

13This is due to our decision to only focus on students’ ranked list of schools, without adding outside
options that would have PPRs of zero.
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First, simple factor analysis shows that two factors are required to explain more than
80% of the total variance in the high school directory information that we focus on in
this study. Figure 1 shows that the first unrotated factor is most strongly associated with
graduation, college, and attendance rates, and least associated with student satisfaction. The
second unrotated factor has the opposite relationship. Schools’ student safety is moderately
associated with each of the two unrotated factors.

Second, we find that a traditional measure of school performance—average SAT scores—is
less correlated with schools’ non-academic characteristics, compared to the correlation with
the academic index. Table 2 shows the correlation matrix for these school characteristics.
More specifically, average SAT scores are weakly to moderately correlated with student
safety and student satisfaction-the correlation coefficients are 0.34 and 0.12, respectively.'*
On the other hand, our academic index has a strong correlation with average SAT scores
of 0.74. These correlations suggest that schools are multidimensional, and non-academic
characteristics invoke an aspect of schools beyond traditional measures of schools that are
based on academic features, such as test scores and graduation rates. The last row of the
table shows that school value-added most strongly correlates with student safety and the
academic index (correlation coefficients of 0.36 and 0.33) and most weakly associates with
student satisfaction and average SAT (correlation coefficients of 0.14 and 0.00).

To further quantify the multidimensionality of schools, we use already publicly available
school characteristics to predict the high school directory information that would be avail-
able in each year during the pre-shock period, as well as schools’ average SATs and school
impacts/value-added. Table 3 presents the estimated R? from simple linear regression mod-
els.”” Columns (1) and (2) show that more than 75% of the variation in average SAT scores
and the academic index can be explained by already publicly accessible school characteris-
tics. However, less than half of the variation in student safety or student satisfaction can be
explained by very similar models, as shown in columns (3) and (4). These results are in line
with Crespin (2025), who finds that in Chicago, traditional school data explain far more of
the variation in test proficiency rates than in school climate. Similarly, column (5) shows

that only 22% of the variation in school impacts can be explained by these models.'°

14The correlation between student reported safety and student reported curricular satisfaction is moderate,
with a correlation coefficient of 0.47.

15These models control for the average SAT score (except in column 1), the academic index (except in
column 2), and the NYC calculated school value-added (except in column 5). These models also control
for high schools’ incoming 8th grade proficiency, poverty rates, racial composition, as well as the shares of
English Language Learners and of students with disabilities.

16The low predictability of school value-added is similar to findings by Crespin (2025) and Imberman and
Lovenheim (2016).
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4 Baseline Preferences

Table 4 shows how families’ preference rankings were bivariately associated with schools’
student safety, student satisfaction with course and extracurricular variety, and school aca-
demics before the information shocks.!” Each of the three characteristics is significantly and
positively associated with families” PPRs during the pre-shock period. For ease of expo-
sition, all estimates are multiplied by 10, so a 10-percentile higher school academic index
was associated with 1.3 percentiles higher family preference ranks. Consistent with previous
research (Hailey, 2025; Harris & Larsen, 2023), the associations for student safety and stu-
dent satisfaction were smaller, ranging from two-fifths to two-thirds the magnitude of the
academic index’s association. A 10-percentile higher student safety or student satisfaction is
associated with a 0.5 and 0.8 percentile higher family school preference ranking, respectively.
Figure 2 presents heterogeneity in the pre-shock association between families” PPRs and
school characteristic percentile across various subgroups: student performance (below/above
median incoming math test score), family income (eligible/ineligible for subsidized lunch),
family neighborhood income (below/above median), and by student race.'®
Panel (a) of Figure 2 first shows that students with lower-incoming math scores have a
weaker association between families’ PPRs and schools’” student safety, compared to higher-
achieving students (pink estimates). This pattern aligns with the literature, which finds
evidence that parents of high-achieving students have a stronger aversion to crime victim-
ization and school violence/disorder (Beuermann et al., 2023; Hailey, 2025). Our estimated
association for higher-performing students is four times that of the lower-achieving students.
Lower-income students, as proxied by FRPL-eligibility, also have a weaker association
than higher-income students (red estimates). This pattern is in line with the literature show-
ing that higher-income families’ are more likely to avoid schools with higher levels of violence
and disorder, and students perceptions of disorder (Hailey, 2025). However, students from
lower-income neighborhoods have a stronger association between schools’ student safety and
families” PPRs compared to students from higher-income neighborhoods (blue estimates).
The gaps by income are substantially smaller than that by incoming math achievement.
Panel (b) shows that students with higher-incoming math scores have a 65% larger asso-
ciation between families” PPRs and student satisfaction than lower-achieving students, and
is in line with Ainsworth et al. (2023). The pattern continues between higher- and lower-
income families. Panel (c¢) shows that higher-achieving and higher-income students also have

a stronger preference for schools with higher academic indices, which is in line with related

1"The three school characteristics are based on the average measures between 2016 and 2017 for each
school characteristic, which are the main information shocks we focus on in this paper.
18 Appendix Table A2 summarizes this information numerically.
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work (Abdulkadiroglu et al., 2020; Hailey, 2025).

In terms of race/ethnicity, panels (d) through (e) in Figure 2 show that before the ini-
tial information shock, Asian students exhibited the strongest association between PPRs
and schools’ student safety percentile, followed by Latino, White, and Black students.'?
Moreover, Asian and White students’ PPRs had stronger associations with schools’ student
satisfaction than Black and Latino students. Similarly, Asian students had the strongest
associations between families” PPR and schools’” academic index, followed by White students
and then Black and Latino students, which is in line with the literature (Abdulkadiroglu
et al., 2020; Corcoran et al., 2018). Importantly, the heterogeneity in school choices by stu-
dent academic achievement, income, and racial background could be due to several factors,
including differences in students’ preferences and access to information, or schools” admission
criteria (Corcoran et al., 2018; Hastings & Weinstein, 2008).

This descriptive approach to preference estimation likely suffers from omitted variable
bias. Reassuringly, we find similar patterns to those found in the literature. In the fol-
lowing section, we conduct careful analysis to differentiate between associative and causal
changes in response to non-academic information shocks. Furthermore, we explore whether

the heterogeneity in the associations between subgroups shifts after the information shocks.

5 Identification Strategy

It is difficult to identify families’ isolated preference for one school characteristic over another,
because school factors often correlate in unobservable ways. In this section, we describe how
we use the NYC school directory information shocks to estimate the impact of non-academic
school quality information on families’ school selections. Figure 3 plots raw trends of the
associations between families’ preference percentile rankings (PPR) and school characteristics
from the high school directory between 2012 and 2019.2° The vertical dashed black line
marks the start of the non-academic information shock in the high school directory, while
the vertical dashed gray line symbolizes the beginning of the online high school directory.
The figure shows the associations are generally stable before 2016. The largest association
(0.13) is between families” PPRs and the academic index, which estimates an increase of 1.3

prefence percentile ranks for a 10-percentile increase in the academic index. Consistent with

YHailey (2025) finds that Asian and White families have the strongest correlation between families’ rank
order of schools and school violence/disorder and student perception of security in NYC in 2013, however,
we find that Latino students have the second-strongest correlation after Asian students between 2012 and
2015. Note that our student safety measure differs from Hailey (2025).

20We estimate the association between PPR and each of the three school characteristics by conducting
separate bivariate regressions for each cohort. We use the percentile of the average between 2016 and 2017
for each school characteristic, which are the initial information shocks we focus on in our main approach.
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previous research (Hailey, 2025; Harris & Larsen, 2023), the associations for student safety
and student satisfaction were smaller—ranging from one-third to two-thirds the magnitude
of the academic index’s association (0.05 and 0.08, respectively). The figure shows that the
estimated associations for all school characteristics begin to increase in 2016 or 2017, at the
same time that the student safety and satisfaction information are first included in the high
school directory and when the directory begins to be published online. These changes suggest
that the information shocks may have led to changes in families’ preferences for academic and
non-academic school characteristics. However, this descriptive approach likely suffers from
omitted variable bias. In the rest of this study, we conduct careful analysis to differentiate
between associative and causal changes in response to non-academic information shocks.
We follow a process like that of Ainsworth et al. (2023) to explore how providing families
with novel non-academic school quality information impacts their school choices. More
specifically, we examine how families’ preference percentile rankings (PPR) change between
the pre- and post-information shock periods as a function of school quality. To do this, we

conduct regressions of the following form:

o safety satisfaction academic
PPTicst = Bo + (51 “DPTs 5016—2017 T B " DTs 2016—2017 + B3 ‘st,2016—2017> - Posti>2016 (1)

+ ’YDist + 5itc + Hisc + F)Cst + Eiest

where ppri.s is the preference percentile ranking (PPR) by family i, who belong to demo-
graphic cell, ¢, for school s based on their submitted school applications in year t.?! We
define demographic cells by the combination of student race, gender, subsidized lunch el-
igibility, eighth grade test score tercile, residential borough, ELL status, home language,
special-education status, and residential zip code’s average income tercile.

Our key explanatory variables of interest are p?"j%elté"_zon and p?”ﬁ%‘iéi%ﬁ, which are
school s’s percentile based on the 2016 and 2017 average student safety or student satisfac-
tion, respectively. We base these percentiles on averages from the 2016 and 2017 data because
directory information was updated annually, making these the initial non-academic informa-
tion that were available in both the physical and online directories. Furthermore, the 2016
and 2017 information information is lagged by two years, meaning that these information

shocks were not endogenously affected by school changes in response to either information

release. We interact these terms with a Post indicator, which switches on starting in 2016.

21Due to computational limitations, we focus our analysis on student’s lists of ranked schools and exclude
schools outside their ranked lists from their choice set. This means that our analysis tells us about students’
within-list ranking, rather than about students’ preferences across every possible school. Otherwise, we
would have to consider the Cartesian product of 55,000 applicants and 400 schools in each of the eight years
of data.
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As discussed in Section 1.3, each year’s high school directory included information about
graduation, college enrollment, and attendance rates, which may have made these academic
school characteristics more salient to families. Thus, in our main model, we allow for the
effect of the academic index, prégia™i -, to vary post-2016. We also include a vector, Xg,
which controls for schools” most recent measure of student safety, student satisfaction, and
academic index. Therefore, our shock measures capture reactions to information that is
beyond reactions to the latest academic and non-academic conditions in schools.??

The school choice literature emphasizes families’ strong preference for home-to-school
proximity (Abdulkadiroglu et al., 2020; Hastings & Weinstein, 2008). Therefore, our model
controls for the natural log of distance, D;y, between student ¢’s neighborhood to school s
in the year of their application t.

To identify changes in preferences for school characteristics over time, we examine changes
in preferences by students from the same demographic cells.?® Specifically, we include year-
by-demographic-cell fixed effects, d;., to control for any systematic time-varying shifts in
preferences due to external factors across demographic cells and years, for example changes
due to school openings and closures. We also include school-by-demographic-cell fixed effects,
lise, which control for unobserved preferences for schools that are fixed over time within
demographic cells, such as school reputation or feeder patterns. The inclusion of these two
fixed effects means that our parameters are identified off of changes in the difference in
preferences across schools within demographic cells before and after the information shocks
take place. The [, coefficients represent DID estimates of the impact of school characteristic
q having a higher percentile rank on families’ PPRs after the information release relative to
before the release.?* Standard errors are clustered at the school-year level.

Two main assumptions underlie our main DID approach. The first is that families’ pref-
erences were not trending differentially for each school characteristic prior to the information
shocks. We test for differential trends by conducting event study analyses that explore the

impact of the school information on families” PPRs on a yearly basis before and after the

22Tn Section 6.1.3, we show that our estimates are robust to excluding the contemporaneous measures of
safety, satisfaction, and academics.

23In our context, we are not able to compare within-student differences in preferences for school charac-
teristics over time because almost all students apply for high schools in only one year, and, therefore, the
same student’s preferences cannot be compared before and after the information shocks.

24Note that the model excludes school characteristics without the post indicator because, like other time-
invariant school characteristics, these would be absorbed by the school-by-demographic-cell fixed effects.
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shocks take place. More specifically, we conduct regressions of the following form:

2019 3
PPTicst = BO + Z (Z (Bq,t : prgt : 1(t = T)) + '.YDist + 5itc + ise + FXst + Eicst (2)

7=2012,  q=1
#2015

where variables are the same as in equation 1, except that the 3, coefficients represent the

impact of characteristic ¢’s percentile on families” PPRs in relative period ¢, compared to

the impact in 2015 before the information shock takes place.?

The second main identification assumption required by the DID framework is that the
school characteristics of interest, conditional on other school factors, are not correlated with
secular changes in the unobserved characteristics of families and schools that could indepen-
dently affect families” PPRs. This assumption is not directly testable, however, the district
did not begin to use these school factors for accountability during our sample period, and
the non-academic characteristics were only used for informational purposes. This suggests
that there would not be other intentional concurrent changes attached to the release of the
information that may affect families’ preferences in other ways.

Equation 1 includes one general information shock for each of the school characteristics
that capture both the physical and online directory information shocks. In order to param-
eterize the dynamic reactions to the physical and online directory information shocks, we
modify the estimating equation to account for the subsequent releases of the information.

The model we estimate is:

safety

pprise = Bo + ("71 "Prs o6 T2 -prigﬁém‘m + 73p7’g,c2%6l166mic) - 1(t > 2016)
safet satis faction academic
+ ()\1 'prs,2€17yf2019 + A2 ‘Prs,201J712019 + )‘3277’3,201772019) -1(t >2017)  (3)
+ ’yDist + 5ict + Hics + FXst + Eijcst

t ti ti ; . . .
where prﬁ%ﬁé” : prj%iéac " and proguleic are the 2016 version of the information shocks.

The variables pri%ﬁtf_mlg, p?“j%i;a_%ﬁg, and priguianic o are based on the average online
information between 2017 through 2019 for each of the three school characteristics. All

other variables are defined as above.

25As in equation 1, we use the 2016 to 2017 average for each of the three school characteristics.
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6 Results

We begin our empirical analysis of the overall non-academic information impacts by ex-
amining event studies and DID results. We then proceed to explore information impact

heterogeneity and provide robustness checks.

6.1 Overall Information Impacts

Figure 4 shows event study estimates of the impact of non-academic and academic school
information on families” PPRs before and after the information shocks take place, all of
which are estimated in the same regression through equation 2. The three event studies
show relatively flat relationships that revolve around the zero line between families” PPRs
and the percentile of schools’ characteristics before the 2016 information shock. The lack of
differential pre-trends provide supporting evidence for the parallel trends assumption.

The green (circles) event study shows that the 2016 release of non-academic school infor-
mation led to an immediately clear and significant upward level shift in families’ preference
rankings for schools with better student safety. However, the purple (triangles) event study
suggests only a slight and not statistically significant reaction to information about student
satisfaction in the immediate term. Importantly, the initial information release of safety
and satisfaction information did not immediately impact families’ preference rankings for
schools’” with a better academic index (gray squares event study). This lack of immediate
reaction reinforces the fact that there was no change in the provision of school academic
quality information in 2016.

Between 2017 and 2018, there is a sharp reaction to information about student satisfac-
tion and an increasingly positive reaction to the academic index. This takes place as the
NYCDOE released and promoted the online High School Directory, potentially increasing
the salience of the non-academic and academic information.?® However, there is only minimal
additional reaction to the student safety information, beyond the initial 2016 impact.

Table 5 summarizes the DID results based on equation 1. All information shock esti-
mates are multiplied by 10, so they show the effect of a 10-percentile increase in the school
information on families’ PPRs post-release. Column (1) shows that relative to the pre-shock
period, families’ preference rankings for schools increased by 0.13 and 0.12 percentile points
for every 10-percentile higher student safety and for every 10-percentile higher student sat-
isfaction, respectively. Both estimates are statistically significant at the 1% level. Academic

information had a negligible and statistically insignificant impact on families’ PPRs.

26Tn Section 7.2, we discuss potential information mechanisms that help explain these dynamics.
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Given the different baseline associations across school characteristics discussed in Section
4, our estimates suggest that providing families with student safety information increases the
association between PPRs and school safety by 25%. For student satisfaction information,
the increase is 15%. To put this into context, Ainsworth et al. (2023) find that a school
value-added information shock in Romania produced an 11% increase in the association
between families” PPRs and school value-added percentile.?” This comparison highlights that
safety information has more than twice the impact of school value-added, while satisfaction
information produces a similarly sized effect.

Column (2) only differs in its inclusion of log distance, which shows that controlling for
distance does not impact our main estimates, which suggests that our specification is not
confounded by preferences related to proximity. Furthermore, the negative coefficient on
distance shows that farther proximity leads families to rank schools lower, which is in line
with the literature (Abdulkadiroglu et al., 2020; Hastings & Weinstein, 2008).

6.1.1 Heterogeneity of Information Impacts across Subgroups

Due to pre-shock heterogeneity in preference rankings for different school characteristics, as
described in Section 4, it is possible that the information shocks had heterogeneous effects
by student subgroups. In Table 6 we examine information impact heterogeneity by student
academic achievement (based on incoming math scores), socioeconomic background (based
on eligibility for subsidized lunch or neighborhood income), and by student race.”®

Columns (1) and (2) in the first row of Table 6 shows suggestive evidence that lower- and
higher-achieving students reacted similarly to the safety information in absolute terms, with
families’ preferences for schools with a 10-percentile better student safety measure being 0.14
percentile ranks higher relative to the pre-shock period (p-value< 0.01). Appendix Figure
AT displays the information impacts by math performance decile.

Columns (3) and (4) of Table 6 show that lower-income students react more strongly
to the safety information compared to higher-income students, as measured by subsidized
lunch eligibility. A similar pattern of information impacts emerges by neighborhood income.
Columns (5) and (6) in Table 6 shows these results for students from below/above median
income neighborhoods. Students from the lowest-income neighborhoods have a positive and

statistically significant reaction to the safety information (p-value<0.01), while those from

2TFocusing on a top-ranked schools approach, Campos (2024) finds that providing families with school
value-added information in Los Angeles leads to about an 8% increase in the value-added of families’ top-
ranked school choice. On the other hand, Hastings and Weinstein (2008) find that providing families with
information about school test score levels in Charlotte-Mecklenburg led to an 89% increase in the test score
levels of families’ top-ranked school choice.

28 Appendix Figures A3, A4, A5, and A6 present event studies for each subroup.
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higher-income neighborhoods do not have a significant reaction to the safety information.
Appendix Figure A8 demonstrates this same pattern by neighborhood income decile.

Due to the heterogeneity in baseline preferences described in Table 4, the initial safety
information shock causes a substantially larger percentage change impact for lower-achieving
students (65%) than for higher achieving students (17%). This also leads to a stronger impact
for students with subsidized lunch (around 31%) than for ineligible students (15%).

The second and third rows in Table 6 show that all students across achievement and
income have similarly positive reactions to student satisfaction information.?” On the other
hand, only higher-income students have statistically significant reactions to the academic
information. The patterns are similar in terms of percentage change.

In terms of heterogeneity by student race, Asian and Latino students react most posi-
tively to student safety information.?® White students have a slightly negative reaction to
student safety information, although not statistically significant, which is a similar response

! Lastly, in absolute and percent change

by students from higher-income neighborhoods.?
terms, White students have the strongest reactions to academic information compared to

non-White students, although the standard errors for this estimate are large.

6.1.2 Discussion of Information Shock Results

One of our key findings is that families value non-academic school information beyond aca-
demic information. Four recent papers that have studied the valuation of non-academic
school characteristics are Ainsworth et al. (2023), Beuermann et al. (2023), Hailey (2025),
and Harris and Larsen (2023). Those studies use selection on observables models with school
applications data to examine families’ preferences for student satisfaction with curricular fo-
cus, non-academic outcomes (crime, teen motherhood, and labor market participation), and
school safety/extracurriculars.®® Our results contribute to this growing literature, by demon-
strating that families react directly to non-academic school quality beyond academics when
they receive a plausibly exogenous shock of information in a clear and accessible manner.

Several clear patterns emerge from our analysis. Families consistently valued school safety

29However, Appendix Figures A7, A9, A8, and A10 suggest slightly stronger reactions by higher-achieving
and higher-income students, in absolute terms.

30Tn percentage terms, Black and Latino students react most strongly to safety information, relative to
the baseline associations.

31Hailey (2025) similarly finds that White NYC students rated schools that teachers perceived as safe
lower on their applications, a pattern driven mainly by schools with larger White student populations.

32Qur estimates show that, on average, White students are the least willing to travel when ranking schools,
while Black students are the most willing to do so.

33Crespin (2025) shows that homebuyers value school climate information in the housing market, but this
approach is limited to families looking for and able to afford to purchase a home, which our paper is able to
address by using applications data for all students in the district.
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information, particularly among lower-income, Asian, and Latino students.** The academic
information effects were particularly large for higher-income students’ school preferences.
Our subgroup analysis for academic information is consistent with studies, showing that ad-
vantaged families were more responsive to interventions that increased exposure to academic
information (Cohodes et al., 2022; Corcoran et al., 2018; Hastings et al., 2007).

Notably, the information shocks did not diminish most subgroup differences in student
preferences for school academic and nonacademic characteristics. In fact, many of the prefer-
ence disparities across student racial background for school safety and academic information
increased after the information shocks. This was due to Asian students’ school selections
having closer alignment with school safety and academic characteristics before the infor-
mation shock and the information shocks having larger or similar effects relative to their
peers.

This heterogeneity provides researchers and policymakers with valuable insights into
different families’ tradeoffs when considering potential schools. It suggests that, while school
districts and scholars have traditionally emphasized providing academic performance and
value-added data to inform families’ school selections, non-academic characteristics—such as

student safety and satisfaction—may be particularly salient to some families’ school choices.

6.1.3 Robustness

We now test the sensitivity of our main findings by conducting a series of robustness checks.
Appendix Table A3 shows the results for various specifications where we vary the controls in-
cluded in the model. Column (1) presents our main results for comparison. The estimates are
very similar if we exclude time-varying contemporaneous safety, satisfaction, and academic
school characteristics in addition to excluding the natural log of distance in column (2), or if
we remove only one of these two sets of controls in columns (3) and (4). The non-academic
estimates are similar and remain statistically significant at the same level of confidence if we
control for time-varying school demographics in column (5). However, controlling for school
demographics decreases the academic estimate towards zero, which is due to the strong cor-
relation between demographics and academic measures. In column (6), we show that our
estimates only change slightly when we control for pre-trends for safety, satisfaction, and the
academic index. The pre-trend coefficients are near zero and not statistically significant.®”
In Appendix Table A4, we allow for directory information to vary from year to year. The

results emphasize that the information effects are consistent, but smaller than the initial

34In concurrent work, Rachkovski (2025) also finds that in Israel, lower-income families’ school choices
are more responsive to increased availability of school violence information than higher-income students.
35Full estimates available upon request.
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non-academic information shocks. This suggests that the student safety information had a
sticky impact, while most of the satisfaction effect came from year-to-year variation.
Appendix Table A5 displays the results when we vary how we define families’ preferences,
by focusing on whether students’ rank a school in their top three choices.?® For this analysis,
the outcome is an indicator for whether or not the specific chosen school was ranked as
the corresponding choice. Therefore, the outcome is zero if the school was ranked by the
student, but not in the corresponding set of top choices. Understanding how information
impacts the top-ranked schools is particularly important for students’ ultimate high school
enrollment, since 44% of eighth graders were assigned to their first-choice school, 66% to
their top two ranked schools, and 80% to the their top three ranked schools. Column (1)
shows that families are 0.23 and 0.16 percentile points more likely to rank a school in their
top 3 choices in response to a 10-percentile higher student safety or satisfaction, respectively,
relative to before the information shock. The estimated impact for the academic index is
the smallest coefficient, but is still statistically significant at the 5% level. However, this
approach does not account for how many schools families rank in their application.
Columns (2) and (3) show that the student safety and satisfaction information shocks
still impact families” preferences in their decisions on which schools to rank as their top and
second-preferred school, but this marginal impact weakens as we focus on the most preferred
schools. Safety and satisfaction information has diminishing, although still significant, im-
pacts as the decision becomes more high-stakes for students’ actual enrollment match.?” On
the other hand, the academic information impact is entirely concentrated in lower-stakes
ranking margins, and has no significant impact for the highest stake schools choices. This
pattern is consistent with research that finds that academic information has stronger impacts
on students’ lower-ranked school selections (Ainsworth et al., 2023; Valant & Weixler, 2022).

7 Information Dynamics and Mechanisms

7.1 Does the format of information provision matter?

As suggested by the event study in Figure 4, there was an immediate reaction to the stu-
dent safety information, but the significant reaction to student satisfaction information was
delayed. Columns (3) and (4) in Table 5 summarize the dynamic DID results based on equa-

tion 3. The first three rows of estimates present impacts from introducing the 2016 student

3688% of students submit at least three choices in their high school applications.

37In terms of percentage change, student safety information causes a 25% to 74% increase in the likelihood
of schools with a 10-percentile safer school to be ranked in the top three choices. Student satisfaction
information has a consistent impact across these top three choices, ranging from 9% to 10% impact.
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safety and satisfaction information into the physical high school directory for the very first
time, as well as allowing for additional impacts from the academic information. The fourth
through sixth rows present the impacts from the NYCDOE’s interactive online high school
directory—School Finder.*®

The first row in columns (3) and (4) shows that relative to before the information shock,
families’ preference rankings for schools increased by about 0.1 percentile points for every
10-percentile improvement in a school’s student safety (statistically significant at the 1%
level). This estimate corresponds to an increase of 21%, relative to the association between
families” PPRs and student safety during the pre-shock period.

This reaction suggests that when safety and satisfaction information is added to the
physical high school directories, families understand and incorporate schools” student safety
information into their school selections. However, the second row’s estimates show that
families’ do not significantly react to new information about schools’ student curricular
satisfaction, even though in the pre-shock period student satisfaction was more strongly
associated with PPRs than was schools’ student safety. The third row again shows a null
differential reaction to academic information in 2016.

Next, we find that the online directory did not significantly impact families’ preferences
for student safety beyond the initial impact from the physical information release.** On
the other hand, the fourth and fifth row estimates demonstrate that the online directory
led families to increasingly prioritize schools with better student satisfaction and academic
index. Specifically, there was a 13% and 10% increase in the relationship between families’
PPRs and schools’ student satisfaction and academic index, relative to the pre-shock period,
respectively. Both estimates are statistically significant at the 5% level. These estimates
emphasize that all of the student satisfaction impact is driven by the online High School
Directory information shock. These student safety and satisfaction information impacts
suggest that their inclusion in the directories offered families access to valuable information
that may not have been readily available or easily accessible through other channels in the

pre-information shock period (i.e. school visits, online school quality, social networks).

7.2 Potential Mechanisms

In this subsection we investigate potential mechanisms behind the immediate reactions to

student safety information, but delayed responses to information about schools’ student

38The online information shocks are based on the averages information from 2017 through 2019 for each
school characteristic.

39This means that the impacts from the original safety information shock were sustained through the
online release of the information, but the online release did not cause families to behave significantly different
than when the information was published in the physical directories.
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satisfaction and academics. We consider two main channels: (1) information salience and

search costs, and (2) information architecture and formatting,.

7.2.1 Information salience and search costs mechanism

Prior to the information shocks, families preferred schools with higher levels of student
safety, satisfaction, and academic outcomes. However, accessing reliable information on
these dimensions required substantial cognitive and time investments. Families often had to
engage in resource-intensive activities, such as visiting schools, navigating complex district
or nonprofit websites, or relying on informal social networks (Beuermann et al., 2023; Sattin-
Bajaj & Roda, 2018; Sattin-Bajaj et al., 2018).

Research shows that when valuable information becomes more salient, individuals face
lower search costs and can better incorporate this information into their economic decisions
(Bordalo et al., 2022). In the context of school choice, the NYCDOE’s efforts to enhance the
visibility of academic and nonacademic school information likely reduced the cognitive and
time burdens families faced when searching for school quality data. As a result, families would
become better equipped to identify schools that aligned with their preferences, increasing
demand for those schools (Campos, 2024).

One key mechanism driving families’ immediate response to the publication of school
safety information was likely the increased accessibility of these data. By reducing search
costs, families could more easily consider safety in their school decisions. Consistent with
this, we find the largest responses among lower-income and Latino families—groups that
prior studies suggest highly value school safety but face the greatest barriers to accessing
such information (Hailey, 2025; Rhodes & DeLuca, 2014; Sattin-Bajaj, 2014). Notably,
we do not find additional significant responses when the directory moved online, possibly
because the online format did not further elevate the prominence of safety information.

Additionally, the online format may have lowered search costs by enabling families to
access information on laptops, phones, and tablets, rather than relying on the cumbersome,
telephone book-sized printed directory. However, this digital shift likely benefited more
advantaged families with better access to internet-connected devices. Consistent with this,
event studies in Figures A4-A6 show that academic information began influencing the choices
of higher-income, Asian, and White families shortly after the launch of SchoolFinder, while
impacts for other groups began to emerge one year later. This pattern aligns with findings
from other studies on digital access to school information (Cohodes et al., 2022; Hasan &
Kumar, 2024; Sattin-Bajaj & Roda, 2018).

Finally, the larger impacts of student satisfaction and academic information in 2018 may

reflect greater adoption of the online directory. Although SchoolFinder launched in 2017, it
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likely did not become a widely used resource until the following year, when NYCDOE more
actively promoted it through printed materials and social media. Correspondingly, Google
Trends data (Figures A1l and A12) show a rise in local searches for SchoolFinder from
2017 to 2018, when the district began actively promoting the website.’’ This broader use of
the online directory likely boosted the salience and accessibility of student satisfaction and
academic information, contributing to the stronger impacts on families’ school preferences
in 2018.

The absence of an immediate impact from the inclusion of student satisfaction informa-
tion in the physical directory may have several explanations. One possibility is that families
did not view this as new or distinct information. Because the satisfaction measure re-
flects whether current students believe their school offers a wide enough variety of programs,
classes, and activities, families may have considered it redundant with existing listings of
extracurriculars, clubs, and course offerings already included in the directory. Indeed, this
indicator is closely correlated with the number of extracurricular activities, sports, and lan-

4l This suggests that information impacts

guage courses a school offers (see Figure A13).
depend not only on salience but also on whether the information provides substantively new
insights. In the next subsection, we explore an additional mechanism that may explain the

effects of school information.

7.2.2 Information Architecture

Information format and structure also helps explain information impacts after 2017 when
the directory’s performance information layout was restructured. Starting in 2017, the phys-
ical and online directories presented information in a more concise and digestible format.
Specifically, the NYCDOE streamlined school performance profiles from six or more aca-
demic indicators to just three key data points on schools’ graduation, college enrollment,
and attendance rates. This simplified presentation likely reduced data smog, decreasing the
chances families would misinterpret or overlook academic data and allowing them to more
effectively incorporate it into their school choices (Corcoran et al., 2018; Glazerman et al.,
2020; Hastings & Weinstein, 2008; Valant & Weixler, 2022).

Furthermore, the design of the SchoolFinder website may help explain the sudden im-
pact of student satisfaction information that year. To simplify searches, the SchoolFinder

homepage prominently featured a keyword search box encouraging users to filter schools by

40Gee Appendix B for more details.

4“1The directory provides information on schools’ current course offerings and extracurricular programs,
which are self-reported by high school administrators to the NYCDOE. Based on each school’s directory
profile, we count the total number of extracurricular activities and clubs, competitive and club sports, and
language offerings available to students.
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attributes such as location, extracurricular programs, themes, and courses (e.g., Try “Chi-
nese” or Try “yearbook”).**** By foregrounding these search options, the site may have
nudged families to place greater emphasis on attributes related to student satisfaction.
These search prompts also likely increased families’ exposure to schools with higher stu-
dent satisfaction, as that measure is correlated with the availability of extracurriculars and
language courses.** To explore this potential mechanism, Figure A14 re-estimates the event
study model using the percentiles of the average number of sports, language courses, and
extracurricular clubs between 2017 through 2019 as key predictors. Starting in 2018—when
the effect of student satisfaction information first became statistically significant—families’

choices also became significantly more responsive to these school offerings.

8 Conclusion and Discussion

As policymakers and educators continue to explore strategies for improving educational eq-
uity and outcomes, the role of information in shaping families’ school choices has gained
renewed attention. Our study contributes important causal evidence on how families re-
spond to the provision of non-academic school quality information—specifically, measures of
student safety and satisfaction—within the context of a large, urban school district with an
established school choice infrastructure.

Our results highlight several key findings. First, we show that schools’ non-academic
characteristics provide families with information distinct from academic performance mea-
sures. Next, we provide causal evidence on how families respond to non-academic school
quality information in a large, centralized school choice system. Leveraging a plausibly ex-
ogenous shock of non-academic information across New York City, we show that student
safety and satisfaction measures meaningfully influence families’ ranked school preferences.
The effects are both statistically and economically significant—comparable in magnitude or
greater than prior estimates of academic value-added information.

Families’ responses differed by subgroup. Lower-income families were more responsive to
school safety information, suggesting this addressed unmet concerns in their decision-making.
In contrast, responses to student satisfaction were similar across income groups.

Importantly, safety information in printed high school directories generated immediate
shifts in preferences, while families only significantly reacted to satisfaction measures when

the information was delivered online through an interactive website. Two potential mech-

42https://web.archive.org/web/20170714113947 /http: /schoolfinder.nyc.gov/

43https://web.archive.org/web/20170710235902/http: /schoolfinder.nyc.gov/

#“Figure A13 shows that student satisfaction, and the number of sports, language courses, and clubs
offered in NYC schools, explain similar dimensions of schools.
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anisms explain these findings. First, by reducing search costs, the NYCDOE’s efforts to
make non-academic information more salient—via printed directories and, later, an interac-
tive online platform—enabled families to identify schools that better matched their needs.
Second, the design of the online directory itself likely helped guide attention toward features
like student satisfaction, which gained traction only after the online tool’s release.

Our findings suggest that families value the type of non-academic school quality indicators
mandated for public reporting under the Every Student Succeeds Act. As more districts
publish holistic school quality metrics, our results suggest that investments in information
design and delivery can significantly shape families’ educational opportunities. Making data
accessible, interpretable, and salient—especially for underserved families—may be a powerful

lever for improving match quality in school choice systems and reducing barriers to access.
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Figures

Figure 1: Unrotated Factor Loadings Plot
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Method: principal-component factors

Notes: The analysis uses actual data of five school characteristics, based on years 2012 through 2015.
Principal component analysis conducted using factor command in Stata with the pcf option, which is then
followed by rotate, and lastly by loadingplot.
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Figure 2: Associations between families’ preference percentile rankings and school characteristics

(a) Student Safety, by math/income
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(d) Student Safety, by race
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(b) Student Satisfaction, by math/income
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(e) Student Satisfaction, by race
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(c) Academic Index, by math/income
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(f) Academic Index, by race
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Note: Estimates are multiplied by 10 for ease of presentation. The outcome of interest is families’ preference percentile ranking of a school, while the
regressor is the percentile for each school characteristic (based on information from the 2016 to 2017 average). 95% Confidence Interval bands are
based on standard errors clustered at the student-by-year level.



Figure 3: Associations Between Families’ PPRs and School Characteristics
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Notes: This figure presents raw trends of the associations between families’ preference percentile rankings
(PPR) and the post-shock average for each of the school characteristics (based on information from the 2016
to 2017 average). Each point estimate presents the association between PPR and each of the three school
characteristics by conducting separate bivariate regressions for each cohort. The vertical dashed black line
marks the start of the non-academic information shock in the high school directory, while the vertical dashed
gray line symbolizes the beginning of the online high school directory.
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Figure 4: Impacts of Directory Information Shocks on Families’ Preference Percentile Rank
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Notes: Event study is based on equation 2, where estimates come from a single regression. The black vertical
dashed line separates the periods before/after the release of the students safety and satisfaction information.
The gray vertical dashed line shows when the interactive online High School Directory was first released.
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Tables

Notes: Summary statistics are calculated from the analytic sample described in Section 2. The academic and
non-academic characteristics are based on data from the 2016-2017 averages. Panel A is calculated based
on all observations in the sample. The PPR average leans to the right of the 50th percentile, because PPR
ranges from 0.083 to 1, which excludes the value of zero. Panels B and C are calculated based on unique
school observations, and Panel D is based on unique student-by-cohort observations. Standard deviations

Table 1: Summary Statistics

Variable Mean Std. Dev.

Panel A: Families’ Preference Percentile Ranks
Preference Percentile Rank (PPR)  0.59 0.29

Panel B: School Characteristics in Percentile Ranks

Student Safety 0.49 0.29
Student Satisfaction 0.50 0.29
Academic Index 0.49 0.28
Panel C: School Characteristics in Average Percentage
Student Safety (%) 82.24 8.63
Student Satisfaction (%) 74.30 11.84
Graduation Rate (%) 74.12 15.02
College Enrollment Rate (%) 54.54 18.13
Attendance Rate (%) 87.07 5.58
Panel D: Applicant Demographics

Subsidized-Lunch Eligible 0.75 0.43
Avg. Zip-Code Income ($1,000s) 52.66 48.69
Asian 0.15 0.36
Black 0.29 0.45
Latino 0.43 0.49
White 0.13 0.34
N — student-by-ranked-school 2,500,601
N — unique students-by-cohort 437,764

N — schools 339

are reported alongside means.
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Table 2: Correlation matrix of school characteristics (pre-shock period)

M 2 B @ 6

(1) Average SAT 1.00

(2) Academic Index 0.74 1.00

(3) Student Safety 0.34 0.51 1.00

(4) Student Satisfaction 0.12 0.24 0.47 1.00

(5) School Impacts 0.00 0.33 0.36 0.14 1.00

Notes: Sample is based on pre-shock period (2012-2015), with dependent and independent variables from the same year, except
for school impacts which are from 2015 as described in the data section. Academic index is based on factor analysis of graduation
rates, college enrollment rates, and attendance rates.

Table 3: Predictability of academic and non-academic school characteristics (pre-shock pe-

riod)

(1) (2) (3) (4) (5)

Average Academic Student Student School

SAT Index Safety Satisfaction Impacts
Observations 1,220 1220 1220 1,220 1,220
R-squared 0.841 0.780 0.440 0.220 0.222
Adjusted R-squared 0.839  0.778 0.433 0.211 0.214

Notes: Sample is based on pre-shock period (2012-2015), with dependent and independent variables from the same year, except
for school impacts which are from 2015 as described in the data section. All factors are in percentiles for comparability.
Academic index is based on factor analysis of graduation rates, college enrollment rates, and attendance rates. These models
control for the average SAT score (except in column 1), the academic index (except in column 2), and NYC’s measure of school
impacts/value-added (except in column 5). The regressions also include controls for incoming 8th-grade proficiency, poverty
rates, racial composition, and the shares of English Language Learners, and students with disabilities.

Table 4: Associations between families” PPRs and school characteristics (pre-shock period)

(1) (2) (3)

PPR PPR PPR
Student Safety 0.528%*#*
(0.008)
Student Satisfaction 0.756%**
(0.008)
Academic Index 1.263***
(0.009)
Observations 1,302,171 1,302,171 1,302,171

Note: Estimates are multiplied by 10 for ease of presentation. The outcome of interest is families’ preference percentile ranking
of a school, while the regressor is the percentile rank for each school characteristic among all other NYC schools (based on
information from the 2016 to 2017 average). Standard errors (in parentheses) are clustered at the student-by-year level.
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Table 5: Information Impacts on Families’ Preference Percentile Rankings (PPRs)

Separate Info Shocks
Overall Info Shock (Physical 4+ Online)

(1) (2) (3) (4)
Stu. Safetynisiar X (£>2016) 0.134%%% 0. 141%FF  0.113%%%  (.113%%*

(0.035)  (0.035)  (0.041)  (0.042)
25.4%]  [26.7%]  [21.4%]  [21.4%]

Stu. Satisfaction;,iia X (t>2016) 0.117%*%%  (.118*** 0.035 0.037
(0.030)  (0.031)  (0.038)  (0.038)
[15.5%)] [15.6%)] [4.6%)] [4.9%)]
Academic Index;p i X (t>2016) 0.046 0.055 —0.036 —0.029

(0.035)  (0.035)  (0.041)  (0.041)
[3.6%] [4.4%)  [-2.9%]  [-2.3%]

Stu. Safety2017,2019 X (t22017) 0.035 0.039
(0.045)  (0.046)
6.6%]  [7.4%]
Stu. SatiSfaCtiOIl2017,201g X (t22017) 0.099%** 0.100%**

(0.039)  (0.040)
[13.1%]  [13.2%)]

Academic IndeX2017,2019 X (tZQO]_?) 0.121** 0.130***
(0.047)  (0.048)

0.6%  [10.3%]

In(distance) —0.035%** —0.035%**
(0.001) (0.001)

Observations 2,408,462 2,408,462 2,408,462 2,408,462

Notes: Information impact estimates are multiplied by 10 for ease of presentation. Estimation in columns
(1) and (2) based on equation 1, where the initial information shocks are based on the 2016 to 2017 average
for each school characteristic. Estimates in columns (3) and (4) are based on equation 3, where the initial
information shocks are based on the 2016’s directory information for each characteristic. Percent impacts
(in brackets) are calculated by dividing the DID estimate by the corresponding pre-shock period association.
Standard errors are clustered at the school-by-year level. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 6: Heterogeneity in Information Impacts on Families’ Preference Percentile Rankings (PPRs)

By Incoming

By Subsidized

By Neighborhood

Safety x (t>2016)

Satis. x (t>2016)

Acad.x (t>2016)

In(distance)

Observations

Math Score Lunch Income By Race/Ethnicity
Below Above
Eligible  Ineligible = Median Median Asian Black Latino White
(3) (4) () (6) (7) (8) (9) (10)
0.150%#* 0.096* 0.186%*** -0.084 0.221°%* 0.072* 0.203%** -0.029
(0.036) (0.053) (0.034) (0.075) (0.094) (0.042) (0.038) (0.096)
[30.9%)] [15.4%)] [37.1%)] [-18.5%] [18.8%) [34.3%)| [39.9%)] [-7.5%]
0.112%FF  0.142%**  0.099%**  0.161*%**  0.155%* 0.083**  0.120***  0.216***
(0.031) (0.045) (0.032) (0.052) (0.065) (0.039) (0.035) (0.074)
[16.2%)] [15.2%)] [17.6%)] [12.5%)] [11.4%)] [21.7%) [18.5%)] [16.2%)]
0.034 0.169%** 0.034 0.147%* 0.008 0.073* 0.031 0.212
(0.036) (0.060) (0.035) (0.085) (0.107) (0.044) (0.040) (0.135)
[2.9%] [11.1%)] (3.1%)] [7.8%] [0.3%)] [7.2%)] 13.1%] [13.0%)]
-0.035%FF  _0.038%FF  -0.033***  -0.041***  -0.037F**  -0.027FFF  -0.037FFF  -0.054%F*
(0.001) (0.001) (0.001) (0.002) (0.002) (0.001) (0.001) (0.002)
522,488 1,885,974 1,894,774 499,431 338,415 841,932 1,127,667 214,109

Notes: Information impact estimates are multiplied by 10 for ease of presentation. Estimation is based on equation 1, where the information shocks
are based on the 2016 to 2017 average for each school characteristic. Percent impacts (in brackets) are calculated by dividing the DID estimate by
the corresponding pre-shock period association. Standard errors are clustered at the school-by-year level. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Appendix A Figures and Tables

Figure A1l: High School Directory page from 2015-16

Eleanor Roosevelt High School « DBN 02M416

Contact Information

Address: 411 East 76th Street
Manhattan, NY 10021

Phone: 212-772-1220

Fax: 212-772-1440

Email: info@erhsnyc.net

Website: www.erhsnyc.org

Building Information

Subway: 6 to 77th St

Bus: BxM1, M101, M102, M15, M15-SBS, M31, M66,
M72, M79, M86, M98, Q102

Shared Space: No

Total Students in School: 541

Grade Span of School (2016-2017): 9-12

Student Supports

Site Accessibility: Functionally Accessible

Special Education Services: This school will provide
students with disabilities the supports and services
indicated on their IEPs.

Enslish 1

Learner Pi ESL

School Life
 Typical 9" Grade Schedule: 8:20 AM — 2:40 PM

Admissions Priorities and Programs

Admissions Priorities

Overview

Eleanor Roosevelt High School provides a supportive and rigorous college preparatory
environment that places emphasis on giving back to the community. All students take four
years of all core subjects and work towards achieving an Advanced Regents diploma.

Academic Opportunities

Program Highlights: Four years of Advisory, English, Math, Science, and Social Studies
courses; Wide array of arts options in all grades includes offerings in visual arts, music, and
media/technology; Underclassmen take Foundations of Math, Health, Computational
Thinking, and Writing Seminar; Upperclassmen have electives available in every subject,
including advanced and Advanced Placement (AP) courses.

Language Classes: French, Spanish

Advanced Placement (AP) Courses: Art History, Biology, Calculus, Chemistry, Comparative
Government and Politics, Economics, English, Music Theory, Spanish, Statistics, Studio Art,
United States History, World History

Diploma Endorsements: Math, Science

Extracurricular Activities and Clubs

Autism Awareness, Canstruction, Chamber Music Society, Chess, Comedy, Dance, Drama,
EIRo Ambassadors, EIRo Experiment Science Magazine, EIRo Sibs (Peer Mentoring), Film,
Gay-Straight Alliance, Green Team, Investment & Finance, Jazz Ensemble, Law Team,
Making a Difference, Math, Model UN, Multicultural Club, National Honor Society,
‘Pawprint’ Online Newspaper, Speech & Debate, Student Government, Student Movement
Against Cancer (SMAC), Students for Sensible Gun Laws, Technology Volunteers, UNICEF,
Women'’s Equality

PSAL Sports - Boys: Baseball, Basketball, Football, Outdoor Track, Soccer, Tennis

PSAL Sports - Girls: Basketball, Flag Football, Soccer, Softball, Tennis, Volleyball

School Sports: Cross Country and Golf

School Performance

What % of Students... Quality Review (2014-2015)
Graduate | Graduate and then Curriculum
in4 enroll in college or =
years? career programs? Instruction
1 1 1 1
2013-2014 100% 8% Assessing Student Learning
1 1 1
2012-2013 100% 97% High Expectations
1 1 1
Manhattan
Average 70% 53% Teacher Collaboration _——

® 94% of students feel that their school offers enough variety of programs, classes, and
activities to keep them interested in school.
* 98% of students feel safe in the hallways, bathrooms, locker rooms, and cafeteria.

1. Priority to District 2 students or residents
2. Then to Manhattan students or residents
3. Then to New York City residents

Prior Year Admissions
A . Applicants
Program Name Code Interest Area Admissions Method | Grade | Seats | Applicants per Seat
it 9 125 5376 43 per seat
Eleanor Roosevelt High School M21A Hum?n[tlgs & Screened
Interdisciplinary 10 12 334 28 per seat

.
*  Attendance and Punctuality
e Course grade in Language other than English

Program Description: A program incorporating the arts and technology as essential components of learning.
Selection Criteria - Programs may adjust their selection criteria ranges based on the applicant pool. See p. 7 for more information.

e Course Grades: English (90-100), Math (90-100), Social Studies (90-100), Science (90-100)
Standardized Test Scores: English Language Arts (3.0-4.5), Math (3.0-4.5)

Notes: High School directory page from 2015-16 for Eleanor Roosevelt High School (02M416).
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Figure A2: High School Directory page from 2016-17

Eleanor Roosevelt High School | 02M416

B SCHOOL OVERVIEW
Eleanor Roosevelt High School (EIRo) provides a supportive and rigorous college preparatory @ 10" Grade Seats Also Offered

environment that places emphasis on giving back to the community. All students take four
years of all core subjects and work towards achieving an Advanced Regents diploma.

B ACADEMICS SCHOOL INFORMATION

* Four years of Advisory, English, Math, Science, and Social Studies courses Neighborhood: Lenox Hill

= Wide array of arts options in all grades includes offerings in visual arts, music, and Address: 411 East 76th Street, Manhattan
media/technology NY 10021

= Underclassmen take Foundations of Math, Health, Computational Thinking, and Writing Site Accessibility: Accessible
Seminar Phone: 212-772-1220 = Fax: 212-772-1440

Email: info@erhsnyc.net

Website: www.erhsnyc.org

Subway: 6 to 77th St

Bus: BxM1, M101, M102, M103, M15, M15-
SBS, M31, M66, M72, M79, M86-SBS, M98,

Upperclassmen have electives available in every subject, including advanced and
Advanced Placement (AP) courses

English Language Learner Programs: English as a New Language

Language Courses: French, Spanish

Advanced Placement (AP) Courses: Art History, Biology, Calculus, Chemistry, Comparative Q102
Government and Politics, Economics, English, Music Theory, Statistics, US History, World

History

Diploma Endorsements: Math, Science SCHOOL LIFE

B ACTIVITIES Grade Span: 9-12

Total Students: 554

Construction, Chamber Music, Chess, Dance, Drama, EIRo Ambassadors, EIRo Experiment
Typical 9" Grade Schedule: 8:20am-2:40pm

Science Magazine, EIRo Sibs (Peer Mentors), Film, Gender & Sexuality Alliance, Green
Team, Junior Statesmen of America, Investment & Finance, Jazz Ensemble, Law Team,
Making a Difference, Math, Model UN, Multicultural Club, NHS, Online Newspaper, Speech
& Debate, Student Government, Student Movement Against Cancer, Students for Sensible
Gun Laws, Tech Volunteers, UNICEF, Women’s Empowerment, Yearbook

PSAL Sports—Boys: Baseball, Basketball, Outdoor Track, Soccer, Tennis

PSAL Sports—Girls: Basketball, Cross Country, Flag Football, Outdoor Track, Soccer,
Softball, Tennis, Volleyball

PSAL Sports—Coed: Golf

B PERFORMANCE

100%

of students graduate in four 95% of students enroll in college or career
years programs

98% of students feel safe in the hallways,

student attendance .
97% bathrooms, locker room, and cafeteria

920% of students feel that this school offers a wide enough variety of programs, classes,
and activities to keep them interested in school

Search 02M416 at schools.nyc.gov/accountability for more about this school’s performance.

B PROGRAM ADMISSIONS Prior Year Admissions

Applicants 10 Grade
Program Name Code Interest Area Admissions Method |Type Seats Filled Applicants PerSeat  Seats Offered
Eleanor Roosevelt Humanities & GE 104 Y 5,298 51
High School M21A | terdisciplinary SR SWD 21 Y 284 14 LD

Admissions Priorities: @ Priority to District 2 students or residents—87% of offers went to this group ® Then to Manhattan students or residents
® Then to New York City residents

Program Description: A program incorporating the arts and technology as essential components of learning.

Selection Criteria (prior year ranges—learn more in the introduction):

Initial Filter: Attendance

= Course Grades: English (91-100), Math (91-100), Social Studies (92-100), Science (92-100)

= Standardized Test Scores: English Language Arts (3.3-4.5), Math (3.7-4.5)

Notes: High School directory page from 2016-17 for Eleanor Roosevelt High School (02M416).
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Figure A3: Impacts of Directory Information Shocks on Families” Preference Percentile Rank,
by student’s incoming math performance
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Notes: Event study is based on equation 2, where the only information is based on extracurriculars. The
black vertical dashed line separates the periods before/after the release of the students safety and satisfaction
information. The red vertical dashed line shows when the interactive online High School Directory was first
released. 45



Figure A4: Impacts of Directory Information Shocks on Families” Preference Percentile Rank,
by student’s subsidized lunch eligibility
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Notes: Event study is based on equation 2, where the only information is based on extracurriculars. The
black vertical dashed line separates the periods before/after the release of the students safety and satisfaction
information. The red vertical dashed line shows when the interactive online High School Directory was first
released. 46



Figure A5: Impacts of Directory Information Shocks on Families” Preference Percentile Rank,
by student’s neighborhood income
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S T T
S 1le stu Safety | I
© A Stu. Satisfaction : :
© -||™ Academic Index : :
s -
@< I [
g e
£S - [ |
= I |
Sy gy it
W | - |
1 T
| |
S i I |
. | |
I | |
3 ] | |
v I T T T : T : T T T
N2 > 8 Lo 0 R 0
DD S S S . S
Cohort
(b) Above median
& I |
S 1le stu. Safety I |
© A Stu. Satisfaction : :
© | ™ Academic Index : :
2 -
< n
N EERENE
I [
g g i B : : "
@ M * | |
w ® | n | | |
O “ 1 T | > .
I 'R
& I |
< | [
I | |
3 | |
1 L T T T T ! T L T T
NI N NS R

A
N
e P P P P P PP
Cohort

Notes: Event study is based on equation 2, where the only information is based on extracurriculars. The
black vertical dashed line separates the periods before/after the release of the students safety and satisfaction
information. The red vertical dashed line shows when the interactive online High School Directory was first
released. A7



Figure A6: Impacts of Directory Information Shocks on Families” Preference Percentile Rank,
by student’s race/ethnicity
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Notes: Event study is based on equation 2, where the only information is based on extracurriculars. The
black vertical dashed line separates the periods before/after the release of the students safety and satisfaction
information. The red vertical dashed line shows when the interactive online High School Directory was first
released.
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Figure A7: Overall Information Impacts by Incoming Math Score Decile
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Notes: This figure displays distribution regression estimates, based on equation 1, across students’ incoming
8th grade math achievement by deciles. Estimates are multiplied by 10 for ease of presentation. Standard
errors are clustered at the school-by-year level.

Figure A8: Overall Information Impacts by Neighborhood Income Decile
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Notes: This figure displays distribution regression estimates, based on equation 1, across students’ neigh-

borhood income by deciles. Estimates are multiplied by 10 for ease of presentation. Standard errors are
clustered at the school-by-year level.
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Figure A9: Overall Information Impacts by Incoming Math Score Decile and Subsidized

Lunch Status
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Notes: This figure displays distribution regression estimates, based on equation 1, across students’ incoming
8th grade math achievement by deciles and subsidized lunch eligibility. Estimates are multiplied by 10 for
ease of presentation. Standard errors are clustered at the school-by-year level.

Figure A10: Overall Information Impacts by Neighborhood Income Decile and Subsidized

Lunch Status
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Notes: This figure displays distribution regression estimates, based on equation 1, across students’ neigh-
borhood income by deciles and subsidized lunch eligibility. Estimates are multiplied by 10 for ease of
presentation. Standard errors are clustered at the school-by-year level.
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Figure A11: Google Search Trends for Online School Information (Month-by-Year-level)
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Notes: Google Trends search results for New York, NY between September 1, 2011 and August 31, 2019. The
Google Trends website applied an improvement to data collection in on January 1, 2016, requiring cautious
interpretation before/after that date. The black vertical dashed line separates the periods before/after the
release of the student safety and satisfaction information. The gray vertical dashed line shows when the
interactive online High School Directory was first released.
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Figure A12: Google Search Trends for Online School Information (School-Year-level)
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Notes: Google Trends search results for New York, NY between September 1, 2011 and August 31, 2019
(averaged by school-year, between each September through August). The Google Trends website applied an
improvement to data collection in on January 1, 2016, requiring cautious interpretation before/after that
date. The black vertical dashed line separates the periods before/after the release of the student safety
and satisfaction information. The gray vertical dashed line shows when the interactive online High School
Directory was first released.
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Figure A13: Unrotated Factor Loadings Plot
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Notes: The analysis uses actual data of eight school characteristics, based on years 2012 through 2015.

Principal component analysis conducted using factor command in Stata with the pcf option, which is then
followed by rotate, and lastly by loadingplot.
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Figure A14: Impacts of Directory Extracurriculars Information Shocks on Families’ Prefer-
ence Percentile Rank
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Notes: Event study is based on equation 2, where the only school information is based on the average number
of extracurriculars between 2017 through 2019, in perentile terms. The black vertical dashed line separates
the periods before/after the release of the students safety and satisfaction information. The red vertical
dashed line shows when the interactive online High School Directory was first released.

o4



Table A1l: Weights Used to Compute Directory Information Indexes

Academic Index (Directory Info.: yearly updated) Weight
Graduation Rate 0.363
College Enrollment Rate 0.363
Attendance Rate 0.354
Academic Index (Directory Info.: 16-17 avg) Weight
Graduation Rate 0.345
College Enrollment Rate 0.355
Attendance Rate 0.355
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Table A2: Associations between families’ preference percentile rankings and school characteristics (pre-shock period between
2012 and 2015

By Incoming By Subsidized By Neighborhood
Full Sample Math Score Lunch Income By Race/Ethnicity
Below  Above Below Above
Median Median Eligible Ineligible Median  Median Asian Black  Latino  White
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Panel A: Association between families’” PPRs and school Student Safety percentile
0.528 0.216 0.866 0.485 0.623 0.502 0.453 1.173 0.210 0.509 0.388
(0.008) (0.012) (0.012) (0.009)  (0.016) (0.009)  (0.018) (0.022) (0.014) (0.012) (0.028)
Panel B: Association between families” PPRs and school Student Satisfaction percentile
0.756 0.572 0.947 0.692 0.933 0.562 1.283 1.363 0.382 0.647 1.336
(0.008) (0.012)  (0.012) (0.010)  (0.018) (0.010)  (0.019) (0.024) (0.014) (0.013) (0.031)
Panel C: Association between families” PPRs and school Academic Index percentile
1.263 0.919 1.957 1.188 1.527 1.084 1.874 2.867 1.019 1.016 1.637
(0.009) (0.012)  (0.014) (0.010)  (0.019) (0.010)  (0.023) (0.032) (0.015) (0.013) (0.039)

1,302,171 672,175 629,996 999,625 302,546 1,035,211 266,960 175,491 454,458 558,545 113,677

Note: Estimates are multiplied by 10 for ease of presentation. The outcome of interest is families’ preference percentile ranking of a school, while the
independent variable is the percentile for each school characteristic (based on the average of the information between 2016 and 2017). Bottom row
displays the number of observations for each column’s subsample. Standard errors (in parentheses) are clustered at the student-by-year level.
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Table A3: Information Impacts on Families’ Preference Percentile Rankings (PPRs)

(1) (2) (3) (4) (5) (6)
Stu. Safetyaons 2017 X (£ > 2016) 0.141%F%  0.133%0%  (.134%0%  0.140%%  0.121%  (.144%*

(0.035)  (0.036)  (0.035)  (0.036)  (0.036)  (0.064)
26.7%]  [25.2%] @ [25.4%] @ [26.5%]  [22.9%]  [27.3%]

Stu. Satisfactionsgis sorr X (t > 2016) 0.118%%F  0.120%%%  Q.117FFF  0.121%F%  0.118%FF  0.101%*
(0.031)  (0.031)  (0.030)  (0.031)  (0.031)  (0.051)
[15.6%]  [15.9%]  [15.5%]  [16.0%]  [15.6%]  [13.4%]

Academic Index2016,2017 X (t Z 2016) 0.055 0.047 0.046 0.056 0.012 0.074
(0.035) (0.035) (0.035) (0.036) (0.035) (0.065)
[4.4%)] [3.7%)] 3.6%] [4.4%)] [1.0%)] [5.9%)]
Observations 2,408,462 2,408,462 2,408,462 2,408,462 2,408,462 2,408,462
Time-varying Safety, Satis., Acad. controls v v v v
In(distance) control v v v v
Time-varying school demographics v
Information-shock pre-trends v

Notes: Information impact estimates are multiplied by 10 for ease of presentation. Estimation is based on variations of equation 1, where the
information shocks are based on the 2016 to 2017 average for each school characteristic. Percent impacts (in brackets) are calculated by dividing the
DID estimate by the corresponding pre-shock period association. Standard errors are clustered at the school-by-year level. *** p < 0.01, ** p < 0.05,
*

p <0.1.



Table A4: Information Impacts on Families’ Preference Percentile Rankings (PPRs), with
yearly-updated information

(1)

(2)

Stu. Safety x (¢ >2016) 0.141%%*
(0.035)
26.7%]

Stu. Satisfactionx (¢ >2016) 0.118%**
(0.031)
[15.6%]

Academic Indexx (¢t >2016) 0.055
(0.035)
[4.4%]

In(distance) -0.035%**
(0.001)

Observations 2,408,462

0.100%*
(0.040)
[11.4%]

0.107%%*
(0.035)
[11.5%]

0.058
(0.036)
14.3%)]

-0.035%**
(0.001)

2,343,838

Year-to-year info changes

v

Notes: Information impact estimates are multiplied by 10 for ease of presentation. Estimation is based on
variations of equation 1. Column (1) presents the main model, where the information shocks are based on the
2016 to 2017 average for each school characteristic. In column (2), the shocks are based on yearly-updated
directory information, and therefore, include main effects for each the three school characteristics as controls.
Percent impacts (in brackets) are calculated by dividing the DID estimate by the corresponding pre-shock
period association. Standard errors are clustered at the school-by-year level. *** p < 0.01, ** p < 0.05, *

p <0.1.
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Table A5: Information-shock effects on families’ school choices at different ranking thresholds

Top 3 Top 2 Top 1
(1) (2) (3)
Stu. Safety x (t> 2016) 0.231FF%  0.219%*%*  (0.104**

(0.053)  (0.054)  (0.044)
73.6%]  [5LA%]  [25.4%)

Stu. Satisfaction x (t>2016) 0.156%**  0.165%**  (.117***
(0.048)  (0.050)  (0.039)
8.8%]  [102%]  [10.5%]

Academic Index x (t>2016)  0.126%*  0.036 -0.006
(0.057)  (0.055)  (0.043)
6.9%  [21%]  [-0.5%]

In(distance) -0.071FF%  -0.073%#*  -0.058%**
(0.002) (0.002) (0.002)
Observations 2,408,462 2,408,462 2,408,462

Estimates are multiplied by 10 for ease of presentation. Estimation is based on variations of equation 1.
The outcomes in this table are indicators for whether or not the specific chosen school was ranked in the top
3, 2, or 1 choices. All specifications include demographic-cell-by-year and demographic-cell-by-school fixed
effects; additional controls vary by column as indicated. Percent impacts (in brackets) are the DID estimate
divided by the corresponding pre-period association. Standard errors (in parentheses) are clustered at the
school-by-year level. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Appendix B Promotion and Use of SchoolFinder

Although the online directory—School Finder—was technically available in 2017, it may not
have been a widely adopted source of high school information until 2018. Evidence for this
mechanism emerges, first, from how the New York City Department of Education (NYC-
DOE) promoted School Finder. In the 2017 printed high school directory, NYCDOE did not
highlight School Finder as a primary resource. Instead, the directory instructed students to
“review the 2017 New York City High School Directory; make a list of schools that interest
you” (p. iv). Similarly, NYCDOE tweets from May to August 2016 encouraged students to
“Get #ReadyForHS with the 2017 NYC #HighSchool Directory” by downloading a PDF
version of the paper directory.

Public promotion of School Finder began on September 12, 2016, when NYCDOE de-
scribed it as a new tool to “help students, families and school counselors find HS choices for
applications.” However, this promotion occurred several months after the 2017 cohort likely
began their high school search process, suggesting limited early adoption.

In contrast, NYCDOE consistently promoted School Finder as a primary resource for
the 2018 cohort. The 2018 printed directory listed School Finder as the first recommended
tool for exploring high school options, encouraging students to “explore 12 choices for your
High School Application on your mobile or desktop device” and “find high schools based on
your interests, location, and more.” NYCDOE’s Twitter account reinforced exploring School
Finder as the first step in the high school application process for the 2018 cohort, promoting
the website throughout summer and fall 2017. Thus, while the online directory was publicly
available in fall 2016, due to public promotion its impact was likely muted for the 2017
cohort and more pronounced for the 2018 cohort.

Additional support for this mechanism comes from online search behavior. Google Search
Trends data in Figure A12 tracks how New York City residents searched for high school
directory-related terms from 2012 to 2019. The blue line represents searches for “High
School Directory,” the pink line represents searches for “School Finder” (the official name of
the online directory), and the green line represents searches for “School Snapshot” (NYCDOE
school quality reports). The dashed black line indicates when NYCDOE began publishing
student safety and satisfaction information in the directory, while the dashed gray line marks
the launch of the online directory.

Notably, in 2017, searches for “School Finder” increased following its launch but remained
significantly lower than searches for “high school directory.” By 2018, after NYCDOE more
actively promoted School Finder, searches for “high school directory” and “school finder”

converged. These trends further suggest that although School Finder was introduced in

60



2017, NYC families may not have widely adopted it as a key school choice resource until
2018. Once the online directory was a key resource, increasing the salience of information
about schools’ student satisfaction and academics and families access to this information
on computers and smart phones, the relationship between these school characteristics and

families’ school rankings increased.*’

45Figure A11 presents monthly Google Trends data results.
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