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Abstract

Essays in the Economics of Education
by
Jonathan T Schellenberg
Doctor of Philosophy in Economics
University of California, Berkeley
Associate Professor Christopher Walters, Chair

Investments in human capital can have large and long-lasting impacts on students. This
dissertation studies the relationship between early education and long-run outcomes of stu-
dents, with a particular focus on future criminal behavior, and examines how teacher quality
and school choice influence these future gains.

My first chapter, which is joint work with Evan K. Rose and Yotam Shem-Tov, inves-
tigates the impact of teacher quality on future criminal behavior. Using a unique data set
linking the universe of public school records to administrative criminal justice records for
the state of North Carolina, we demonstrate strong associations between future criminal
activity and early life education outcomes including test scores, attendance, and disciplinary
records. We estimate value-added models measuring the causal impacts of teachers on short-
run cognitive and non-cognitive outcomes in a multivariate random effects framework, and
link these short-run effects to teacher effects on adult crime. We find that teachers primarily
influence future crime through a non-cognitive channel, and that their cognitive and non-
cognitive impacts are orthogonal. This result implies that test score-based measures miss an
important component of the social value of teacher quality, suggesting scope for improved
teacher assessment systems that also account for non-cognitive gains.

I build on the relationship between early life education and crime in my second chapter,
which studies the explanatory power of educational achievement on the black-white gap in
criminal offending rates. We document strong relationships between test scores and future
criminality. We show that observable differences between blacks and whites in early grades,
including neighborhoods, schools, and other demographic information, can explain the dif-
ferences in their relative rates of being charged with any offense in early adulthood, and that
test score differences can explain between a quarter to a half of this gap. This difference in
offending is akin to the “skill gap” described by Neal and Johnson (1996) that explains a
large fraction of the raw black-white gap in wages. We also document two important nuances
to this story. First, while observable differences can explain nearly the entire gap in charge
rates for any offense, we still are unable to explain about a quarter of the difference in felony
offending rates. Second, we show that blacks experience a much greater return to skill than



white students in the form of reduced crime, and that these differential returns explain a
substantial fraction — between 10% and 20% — of the raw crime gap. This difference in
returns to higher achievement is particularly relevant for more severe offenses, and plays a
larger role in explaining the differences in offending rates between black and white men from
worse economic backgrounds.

My third chapter is based on joint work with Atila Abdulkadiroglu, Parag Pathak, and
Christopher Walters, and studies how school choice affects parents’ educational investments
for their children. We study relationships among parent preferences, peer quality, and causal
effects on outcomes for applicants to New York City’s centralized high school assignment
mechanism. We use applicants’ rank-ordered choice lists to measure preferences and to con-
struct selection-corrected estimates of treatment effects on test scores, high school gradua-
tion, college attendance, and college quality. Parents prefer schools that enroll high-achieving
peers, and these schools generate larger improvements in short- and long-run student out-
comes. Preferences are unrelated to school effectiveness and academic match quality after
controlling for peer quality.
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Chapter 1

The Effects of Teacher Quality on
Crime

1.1 Introduction

The impact of teacher quality on future adult outcomes is an important policy question that
remains controversial among scholars and policymakers. Teacher quality is most commonly
evaluated using test score “value-added” (VA), which captures test score gains conditional
on student-level observables. Recent work has documented large variation in teacher qual-
ity, and that teachers with high test score VA also improve their students’ post-secondary
outcomes, reduce teenage birth rates, and increase earnings (Chetty, Friedman, and Rockoff,
2014b). These findings have added motivation to the debate about using performance-pay
incentives for teachers based on test score gains (Hanushek, 2011; Neal, 2011).

An additional adult outcome that teachers may influence but has received comparatively
less attention in the VA literature is crime. Crime is an important outcome for evaluating the
impacts of education, since it is widespread, concentrated in impoverished school districts,
and often begins at an early age. In the United States, over a quarter of the population
has been arrested by age 21 (Brame, Turner, Paternoster, and Bushway, 2012). Moreover,
crime reduction is one of the largest sources of social returns from early-life educational
investments (Heckman, Moon, Pinto, Savelyev, and Yavitz, 2010a). However, it is unclear
if test score gains, the predominant methodology for measuring teacher quality, will capture
teachers’ impacts on criminal behavior. Given that non-cognitive skills are better predictors
of behavioral outcomes, including crime (Heckman and Kautz, 2012; Heckman, Stixrud, and
Urzua, 2006a), there is reason to believe that teachers’ impacts on crime operate through
a non-cognitive channel (Chetty, Friedman, Hilger, Saez, Schanzenbach, and Yagan, 2011).
Performance-pay incentives for teachers that rely on test score VA may therefore miss an
important component of teacher effectiveness, especially if teachers’ impacts on test scores
are unrelated to their impacts on non-cognitive skills (Neal, 2011).

This paper estimates the impact of teacher quality on students’ criminal outcomes as



CHAPTER 1. THE EFFECTS OF TEACHER QUALITY ON CRIME 2

adults. Our work focuses directly on the mechanisms through which teacher quality affects
future criminality. We estimate teacher VA models for short-run cognitive and non-cognitive
outcomes in a multivariate random effects framework, and link these short-run effects to
teacher effects on adult crime. We then conduct policy counterfactuals that compare teacher
retention policies based on various performance measures.

To conduct our analyses, we linked administrative public school records in North Carolina
to the universe of court records in the state. These data include rich student demograph-
ics, tract level address information, test scores, disciplinary and attendance records, and
all criminal charges and convictions. The richness of our data allows us to study statisti-
cal relationships between early education and crime that have yet to be established using
administrative records.!

We begin our analysis by establishing a new set of descriptive facts relating elementary
and middle school educational achievement to future crime. Raw correlations show a very
robust association between test scores and crime — a one standard deviation increase in third
grade math (reading) scores is associated with a 2.25 (2.83) percentage point decrease in
the likelihood of being charged with a crime by age 20, roughly 10% of the average charge
rate. We also see strong correlations between early student behavior within the classroom
and their future criminal behavior. For instance, a suspension in third grade is associated
with a 19.0 percentage point increase in criminal charge likelihood by age 20, and a 10%
increase in absences in third grade is associated with a 18.6 percentage point increase in the
age 20 criminal charge rate. These associations capture a combination of selection bias and
any causal effects that teachers may have on criminality.

To identify a causal relationship between improved teacher quality and future interactions
with the criminal justice system, we evaluate teacher effectiveness for elementary school
teachers using a VA framework, similar to prior work (Rockoff, 2004; Kane and Staiger,
2008; Chetty, Friedman, and Rockoff, 2014a; Rothstein, 2017). However, as noted above,
test scores may not be sufficient to capture teacher effects on crime, given that childhood
behavior is a strong predictor of future criminality (Carneiro, Crawford, and Goodman,
2007; Reynolds, Temple, and Ou, 2010)). To construct a measure of “non-cognitive VA” | we
follow Jackson (2018) and Petek and Pope (2016) and estimate teacher impacts on changes
in behavioral outcomes. Our main measures of non-cognitive VA examine elementary school
teachers’ impacts on their students’ future behavior, namely their truancy and propensity
to receive disciplinary action in middle school (Petek and Pope, 2016). We avoid focusing
on contemporaneous measures of behavior, particularly with suspensions, since teachers can
directly impact their students’ contemporaneous disciplinary records.

To account for sampling error in the estimates of teacher quality, researchers commonly
use empirical Bayes shrinkage techniques. As typically implemented, this procedure imposes
the assumption that student observables are independent of teacher effectiveness, a condition
that we show to be violated in practice. We therefore introduce a conditional shrinkage

1Other studies have connected early cognitive achievement either through small-scale experiments (Heckman
et al., 2010a) or through longitudinal survey data (Heckman et al., 2006a).
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procedure that reduces the variance of individual teacher effects, while also accounting for
any relationships between student characteristics and teacher effects.?

Our estimates of teachers’ impacts show that teachers generate large impacts on both
test scores and future behavioral outcomes in the short run. We then investigate how these
short-run teacher effects are related to their students’ future criminality. We find suggestive
evidence that teachers who improve reading test scores also reduce crime. These effects are
modest — using our preferred specification, a one standard deviation improvement in reading
test score VA leads to a 0.1 percentage point decrease in their students’ criminal charge
rates at age 20, or about 0.4% relative to the mean charge rate. The effects of math VA
on crime are smaller and statistically insignificant. However, our results are highly sensitive
to specification, and we cannot assertively conclude that teachers’ cognitive impacts lead to
reduced crime.

In contrast, we find much more robust evidence that teachers’ impacts on short-term
behavioral outcomes have long-run effects on their propensity to commit crime. Students
with teachers that lead to a standard deviation higher probability of being suspended in
grade 6 are also more likely to commit a crime by 0.38 percentage points. Similarly, teachers
who increase their students’ future truancy increase their criminality. These findings are
robust to a number of specifications. This evidence shows that teachers’ direct impacts on
behavioral outcomes have large, long-run consequences for the student.

Our results establish that high quality teachers reduce crime, and that these effects on
crime may operate through both cognitive and non-cognitive channels. Motivated by these
findings, we build a multivariate random effects framework to estimate the distribution
of teacher effects along multiple dimensions of teacher quality.> We then use this two-
dimensional model of teacher effectiveness to test for differential impacts of teacher quality
on their students’ future crime. Our estimates show that teacher impacts on test scores
and future disciplinary records are unrelated to one another, and that the teacher’s latter
component of ability is the only dimension through which teachers can impact criminal
behavior.

Finally, we consider the implications of our findings for the design of teacher personnel
policies that aim to reduce crime. We find that replacing teachers in the bottom 5% of
crime deterrence with median teachers leads to a 0.27% decrease in all charges by age 20,
with larger effects (0.55%) for felonies. Moreover, we find that these returns are entirely
determined through a non-cognitive channel, and that hiring policies with a non-cognitive
component captures over 50% of the maximal feasible reduction. Thus, test score VA of
teacher evaluations is not sufficient to minimize crime. The non-cognitive channel of teacher
efforts have meaningful effects that are orthogonal to cognitive outcomes, indicating that

2To our knowledge, conditional shrinkages have not been used in education papers. These methods are used
in recent estimates of health care quality (Chandra, Finkelstein, Sacarny, and Syverson, 2016).

3This approach is relatively uncommon in the VA literature. Broatch and Lohr (2012) consider a multivariate
approach, although in our practice, we will consider the joint distribution of a continuous and binary outcome
as opposed to all continuous and all binary. Chamberlain (2013) use a similar multivariate approach to
separate teacher effects on test scores and college outcomes.
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teacher evaluation solely on test scores is suboptimal.

Our study adds to the burgeoning literature highlighting the relationship between edu-
cation and crime. Recent studies have found that many different aspects of the educational
system, including compulsory schooling (Lochner and Moretti, 2004; Cook and Kang, 2016;
Jacob and Lefgren, 2003), redistricting (Billings, Deming, and Rockoff, 2013), and enrollment
at more desirable schools (Deming, 2011), affect students’ likelihood of future criminality.
This paper highlights another scope for crime reduction through the education system: im-
proved teacher effectiveness.

A common theory used to explain crime reduction through improved education is a non-
cognitive skill development mechanism (Cunha, Heckman, and Schennach, 2010; Lochner,
2011). In line with this finding, longitudinal studies of early educational interventions have
shown long-lasting reductions in crime of their participants, and that these returns are
unrelated to short-lived test score gains (Anderson, 2008; Heckman et al., 2010a; Heckman,
Moon, Pinto, Savelyev, and Yavitz, 2010b). Our work provides direct evidence of crime
reduction through non-cognitive channel by linking teachers’ short-run effects on student
behavior to their long-run criminal outcomes.

A separate and extensive literature has investigated the long-run effects of school (Ab-
dulkadiroglu, Angrist, Dynarski, Kane, and Pathak, 2011; Abdulkadiroglu, Pathak, Schel-
lenberg, and Walters, 2017b) and teacher (Jackson, Rockoff, and Staiger, 2014; Chetty et al.,
2014b) quality, as measured using value-added scores. Recent work studying teacher qual-
ity highlights teachers’ non-cognitive impacts on behavioral outcomes, including high school
completion and college intentions (Jackson, 2018; Petek and Pope, 2016; Fleche, 2017; Ger-
shenson, 2016). We extend the VA literature to connect teacher effects, both cognitive and
non-cognitive, to future criminality, and to rigorously estimates teachers’ impacts across
multiple dimensions.

The order of the rest of this paper is as follows. Section 1.2 describes our education and
crime records for North Carolina. Section 1.3 will provide a descriptive analysis showing
the relationships between early education and crime. Section 1.4 will outline our empirical
approach to estimating teacher effects, and Section 1.5 will summarize these results. Section
1.6 will modify the prior approach to estimate multidimensional teacher effects. Section 1.7
estimates crime reduction under alternative teacher hiring policies. Section 1.8 concludes.

1.2 Data and Settings

Education Records

We utilize administrative education records, provided by the North Carolina Education Re-
search Data Center (NCERDC). These data provide comprehensive records of the universe
of North Carolina public school students from 1993 through 2016. Key data elements in-
clude test scores, teacher and classroom assignments, demographics of students, parents, and
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teachers, and disciplinary and attendance records. We measure academic achievement based
on end-of-year math and reading test scores in grades 3 through 8.

Our primary analyses focus on the impacts of elementary school teachers in grades 4 and
5. We chose elementary school teachers because middle school students in grades 6 through
8 typically see multiple teachers throughout the school day, complicating the measurement
of effects for individual teachers (Jackson, 2014, 2018), although we explore the effects of
middle school teachers in the appendix. Following Rothstein (2017), we use unique identifiers
for the end-of-year test proctor to link elementary school students to their teachers. Lagged
test scores are a key control variable in our value-added analysis (Chetty, Friedman, and
Rockoff, 2016), meaning that this teacher-student match allows us to evaluate the quality of
teachers in grades 4 and 5.

Our primary analyses focus on the impacts of elementary school teachers, in grades 4
and 5. Students in later grades typically see multiple teachers throughout the school day,
complicating the measurement of effects for individual teachers (Jackson, 2014, 2018). We
explore the effects of middle school teachers in the appendix. We link elementary school
teachers to students using teachers that proctored the students’ end-of-grade tests, similar
to Rothstein (2017). These links exist from 1995 through 2011, giving us a 17 year panel on
which to estimate teachers’ test score impacts.

Our analysis also measures behavioral outcomes, most notably absences and suspensions.
These outcomes exist for a shorter panel. Absences are available for all students beginning
in 2004, and disciplinary records begin in 2001 for a fraction of the schools. Appendix 1.11
provides additional information regarding the construction of our panel.

Criminal Records

There are two sets of criminal records: charges and convictions. The criminal charges data
come from the North Carolina District and Superior Courts, and the criminal convictions
records are provided by the Department of Public Safety. The former records cover all cases
disposed in North Carolina for offenses committed between 2005 and 2015. These data
include detailed information on any criminal charges filed in the state that required the
offender to appear in court, which constitutes the universe of charges all misdemeanor and
felony offenses occurring within the state. In North Carolina, all individuals who are arrested
must appear in court, so there is effectively no distinction between arrests and charges. Due
to the relative frequency of criminal charges relative to convictions, we will primarily focus
on these charge outcomes.

Conviction records are maintained by the Department of Public Safety. These data
include all criminal convictions for offenses committed between 1970 through early 2017 that
resulted in a mandatory supervision of the offender (probation or incarceration) as part of
the offender’s sentencing. In North Carolina, all felony convictions and severe misdemeanors
have a supervision component to the sentencing, meaning that we observe the universe of
serious criminal convictions in the state.
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Sample Description

The NCERDC linked both sets of court records to the education data for all individuals born
after 1989 for any adult (age 15 or above) criminal offenses occurring through the end of
2015. This implies we can measure criminal outcomes through age 25. The merge consisted
of matches based on name, birth date, and last four digits of the social security number.
Aggregate charge rates computed from our sample are similar to corresponding measures
from official sources, which is reassuring and suggests that the match is accurate. More
information about the match can be found in Appendix 1.11.

Table 1.1 displays summary statistics for elementary school students. (Descriptive statis-
tics for middle schoolers appear in the appendix.) Roughly 25% of our sample are black
and close to 50% are economically disadvantaged. Nearly a quarter of the sample has been
charged with a criminal offense by age 20. The majority of these offenses are misdemeanors.
However, over 5% of our sample has been charged with a felony. More than one-third have
been charged with a misdemeanor, and over one-tenth of this cohort has a felony charge by
the same age. Table 1.1 also reveals that offenders are much more likely to be black and
male, less likely to have parents who attended college, more likely to have disciplinary prob-
lems in elementary school, and tend to have significantly lower test scores. The differences
are much more pronounced for students with felony charges, with the differences even more
stark for convicts (not shown).

1.3 Relationship Between Education and Criminality

We begin by using these linked education and crime data to establish three main sets of facts.
First, early cognitive achievement measures are strongly associated with future criminality,
even after controlling for a rich set of student characteristics. These observables include
lagged test scores, indicating that test score gains are predictive of lower future criminality,
in addition to levels. To the extent that gains are a better measure of the impacts of
educational inputs, this fact suggests scope for educational quality to affect crime. Second,
the correlation between test scores and future crime varies across demographic groups. Third,
early behavioral markers are very strongly associated with future crime.

Fact I: Cognitive Achievement Measures Are Predictive of Future
Crime

Early test scores are a powerful predictor of future crime. Figure 1.1 plots the average rate
of criminal charges at age 20 in binned centiles of third-grade test scores. A one standard
deviation increase in math scores in grade 3 is associated with a 4.8% drop in the likelihood
of criminal charges. Similarly, a standard deviation increase in reading scores is associated
with a 5.4% decrease in criminality.
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These relationships continue to hold after adjusting for observed student characteristics.
Panel A of Figure 1.2 plots partial coefficients from regressions of crime on test scores by
grade, controlling for gender, race, family characteristics (parental education level, native
language, and economic disadvantage status), behavioral measures (disciplinary record, at-
tendance record, and if they repeated the given grade), school, and year. Two notable
patterns appear here. First, controlling for observables cuts the relationship between crime
and academic achievement roughly in half: a one standard deviation increase in third grade
math (reading) scores is associated with a 2.26 (2.83) percentage point decrease in the prob-
ability of a criminal charge by age 20. These are approximately 10% of the mean charge rate.
Second, the association between test scores and future crime is larger in magnitude for older
students, particularly for math scores. The decrease in crime associated with a standard
deviation increase in eighth grade test scores is 3.99 percentage points, nearly double that
of a similar change in third grade test scores.*

Studies of teacher and school value-added suggest that test score gains are a better
measure of educational input quality than test score levels. Panel B of Figure 1.2 plots the
coefficient of a regression of criminal charges at age 20 on test score gains, conditional on
controls. We still see large, significant associations between test score gains at all grades. This
fact suggest that teachers and schools that improve test scores may also reduce criminality.
We will address this concept more rigorously in the next section.

Fact 1I: Test Score-Crime Relationship Varies Across
Demographic Groups

Figure 1.3, panel A shows the difference between associations of test scores and criminal
charge rates for boys versus girls.

This figure reveals a much stronger relationship for boys—boys with a standard deviation
higher math score are 4 percentage points less likely to have a criminal charge by age 20,
approximately 50% higher likelihood than for girls. While this gap appears large, the pro-
portional impacts for both groups are approximately equal; in our sample, 29% of boys have
a criminal charge on their record by this age, as compared to 17% of girls. This ex-ante gap
in criminal charge rates is mostly, but not entirely, covered by the relative baseline offending
rates.

We see a gap in the absolute association rates across races, although the proportional
effects are approximately equal. Panel B in Figure 1.3 shows the difference in associations in
arrest rates by age 20 and math scores for black students and white students. We see that
the association between test scores and crime is larger in magnitude for blacks than it is
whites. Again, this gap appears to be partially driven by the differences in average offending

“Moreover, when we run the horserace include multiple years of test scores, we find that the association loads
onto the most recent test score. Interestingly enough, we run the same exercise with in which we put all
available test scores in this regression. We find that the association loads most strongly onto the eighth
grade test score, indicating that the most recent measure of cognitive ability is the most salient.
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rates — 30% of black students have been arrested by that age, as compared to 20% of white
students, implying that this gap is likely due to the baseline differences across racial groups,
although the relative percentage point gap is smaller across races.

In contrast to the previous groups, the test score-crime relationship appears similar for
groups of different economic status backgrounds, although there is a gap in relative terms
when accounting for baseline offending rates. Panel C in Figure 1.3 shows the relative rates
for students from economically disadvantaged backgrounds relative to those who are not
disadvantaged. The rates are practically indistinguishable. However, students from disad-
vantaged backgrounds are about 50% more likely to have been charged with a crime by age
20 (29% vs 19%, respectively). In essence, this means that the magnitude is stronger for
non-disadvantaged students in terms of the gradient relative to baseline offending rates, sug-
gesting that associations between test scores and crime matter more for people for students
from more privileged backgrounds.

Fact 1I1I: Early Behavior Markers and Future Criminal Behavioral
Are Strongly Correlated

Figure 1.4 shows the link between our rough behavioral measures in early grades, namely
disciplinary records and attendance records, and future crime. Early suspensions are a strong
predictor of future criminal behavior; 50% of students with a suspension in elementary school
have been charged with an offense by age 20. Panel A shows that elementary school kids
are 28 percentage points more likely to commit a crime than those who have not been
suspended; we are able to account for about half of this gap using descriptives about the
student. Suspensions are rare in elementary school (about 5% of students are suspended),
but this indicates that suspensions are an indication for at-risk students.

Similar patterns arise for attendance records. In order to match our current analysis
with later analysis, we choose to plot the relationship between log(Absences + 1).°> Similarly
to the discipline records, higher truancy rates are strongly associated with higher future
crime rates. Additionally, unlike suspensions, however, there is a clear break in relationships
between truancy and its association in middle school vs elementary school, with a much
larger effect in later adolescence.

Additional Heterogeneity and Summary

In the appendix, we explore additional statistical relationships between crime rates and
observable outcomes in elementary and middle school. Similar patterns exist associating
test scores and criminal behavior when considering the severity of the criminal infraction
and convictions versus charges. We also see similar patterns when varying the age of the

5We could use integer valued attendances or more hyperbolic inverse signs to be able to use percentage
interpretations of a variable that can be integer-valued. We chose to follow the literature (Jackson, 2018),
although the results are qualitatively similar, regardless of the specification.
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offense, although we see slightly stronger relationships for criminal behavior at later ages,
indicating that test scores are not merely a signal of the timing of your first offense, but also
the likelihood of committing any crime.

We also considered the relationships between test scores and types of criminal infraction.
Approximately half of our criminal charge records are classified into several broad categories:
assaults and violent crimes, property crimes (e.g. burglary), and drug offenses. In general,
higher test scores are associated with lower crime rates for all three classifications of charge,
and similar heterogeneity patterns exist for these outcomes as the patterns documented in
Section 1.3. One notable exception is the test-score/crime relationship for drug offenses -
contrary to what was shown earlier, the association between test scores and is weaker for
economically disadvantaged and black students.

In summary, there is a clear link between early cognitive achievement tests, behavior
in elementary school, and crime. If we are willing to assume that (1) this relationship is
not entirely due to unobservable characteristics of the student and (2) teachers impacts on
cognition and behavior have long-lasting impacts, then the above descriptive relationships
suggest that teachers who impact short-run outcomes such as test scores and behavior may
be able to improve long-run crime outcomes. We will proceed by estimating teacher quality
directly to test for its relationship to students’ future criminal behavior.

1.4 Estimation of Teacher Effects

Univariate Value-Added Model

Following the prior literature on teacher value-added (Chetty et al., 2014a; Jackson, 2018),
we begin our analysis of teacher effectiveness with an empirical specification that relates
academic achievement to student characteristics and teacher quality as follows:

Ay = Xl(tﬁ + Qi) T+ €t (1.1)

Here, A;; is a measure of achievement, such as a test score, of student 7 in year ¢ and a4 is
the casual impact of teacher j on i’s achievement in year ¢. The vector X;; includes observed
characteristics of the student. Importantly, this set of controls includes the lagged value
of the outcome A;;_;, allowing us to interpret the teacher effects a; as differences in test
scores for students with similar past achievement. The control vector also includes cubics
in lagged math and reading test scores, gender, race, parental education level, economic
disadvantage status, limited English proficiency, special education status, grade repetition,
lagged suspension and log absences, class size, and year fixed effects, as well as school-level
averages of all the above control variables.
A causal interpretation of the a; parameters requires a “selection on observables” as-
sumption:
Eleit| X, j(i,1)] =0 (1.2)
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This assumption requires teacher assignments to be independent of students’ potential
achievement conditional on lagged test scores and the other variables in X. Chetty et al.
(2014a) argue that the set of controls used here is sufficient to isolate causal impacts of teach-
ers on test scores. Equation (1.1) also imposes a constant effect of a given teacher across
years. This parsimonious specification allows us to produce a precise single measure of value-
added for each teacher, which may be interpreted as a weighted average effect across years
if teacher effects “drift” over time (Angrist and Pischke, 2009; Chetty et al., 2014b).Even
assuming constant effects over time, our estimates of the a;s may be noisy. As is standard
in studies of teacher value-added, we will use empirical Bayes (EB) posterior estimates of
our teacher effects to “shrink” noisy estimates of teacher effects and reduce mean squared
error. The shrinkage is based on the specification:

@j = Oéj + 6]‘ (13)

where & is an estimate from OLS estimation of (1) and e; is estimation error. Studies of
teacher value-added typically model o; as normally distributed with constant mean and
variance conditional on X:

0| X, ~ N(ag, o) (1.4)

We extend this approach to allow the distribution of a; to depend on X for two reasons.
First, the assumption that X is independent of alpha is empirically falsifiable: about 25
percent of the variation in «; is explained by class means of X. Shrinkage measures that do
not account for this dependence will be less accurate. Second, shrinking conditional on X is
useful for our analysis of longer-run outcomes, as described further below.

Our conditional shrinkage is based on the model:

| X; ~ N(Xjv,07) (1.5)

where X is the matrix of characteristics for all students in teacher j’s class and X is
the class mean of these characteristics. This model allows higher value-added teachers to
be assigned to classes with systematically different observables, as in “correlated random
effects” panel data models (Chamberlain, 1980).

The minimum MSE prediction of teacher j’s effectiveness is then:

o2 o2 _
*—Elaslas. X)) = ——a 4. j [ — S— I ‘g 1.6
o5 = Elolan, X = vy ® < 0%+ Var(ej)) i (16)

Rather than shrinking the unbiased teacher effect &; towards the overall mean, this prediction
shrinks &; towards a conditional mean that depends on X;. We estimate v and o2 using
maximum likelihood, and calculate Var(e;) as the squared standard error of &;.
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Long Run Effects

The goal of our analysis is to relate estimates of teacher effects on short-run outcomes to
effects on crime. We investigate this relationship with the following specification:

}/:L't = XZItT] + 5aj(i,t) + V; (17)

Here, Yj; is a criminal outcome, and «j(; s is the causal effect of teacher j on a short-
run outcome (either cognitive or non-cognitive). This specification parallels Chetty et al.’s
(2014b) analysis of the relationship between teacher value-added and adult earnings. The
parameter 9 measures the extent to which teachers that improve short-run outcomes also
reduce crime. Similar to our assumption for unbiased teacher effects a;; in (1.1), identification
of § requires student unobservables in the crime equation to be independent of teacher
assignment conditional on observables.

We do not observe the true causal effect ;. We instead observe our value-added estimates
aj. In our case, we will run the following regression:

Yie = Xim + Sa;(zi,t) + Uit (1.8)

Here, o, ;) is the standardized value of our estimated teacher effects from (1.6). The param-
eter of interest, B , is the change in criminal likelihood due to a standard deviation change in
teacher quality.

An alternative approach to estimating teacher impacts on crime is to fit the model in (1.1)
with crime on the left-hand side. Chetty et al. (2014b) argue that the availability of a lagged
outcome control is necessary for selection on observables to hold, so that OLS estimates for
longer-run outcomes like crime may be biased even while estimates for short-run outcomes
are unbiased. In this case, Equation (1.8) will give us the relationship between crime effects
and short-run value-added even if unbiased estimates of crime effects for individual teachers
are unavailable. We therefore report estimates of (1.1) for crime in addition to estimates of

(1.8), but interpret the former with caution.

Identification of Teacher Impacts

Our estimation proceeds in three steps: estimation of short-run teacher impacts, shrinkage
to reduce mean squared error, and estimation of the relationship between crime and short-
run impacts. Each of these three stages requires specific assumptions in order to make
inference. We discuss these assumptions below, and when applicable, describe our tests for
such assumptions.

First, the key assumption underlying our value-added estimation strategy is selection on
observables. If students are assigned to teachers based on characteristics that we cannot
observe, our estimates of teacher impacts will be biased. A large portion of the literature
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is comfortable with selection on observables for test score outcomes,® and recent work in
the non-cognitive VA literature similarly validates this assumption for behavioral outcomes
(Petek and Pope, 2016; Jackson, 2018).

To justify this assumption in our context, we follow Chetty et al. (2014a) and use teacher
mobility “experiments” to test for bias in our estimates of teacher value-added. This speci-
fication check is based on estimation of the equation:

AAAsgt - )\lAngt + >\2AXSgt (19)

All quantities in the above regression are aggregated to the school-cohort level for a given
school s, grade g, and year t. @ is the student-weighted average of teacher VA measures
across cohorts, A,y is the school-cohort average test score, and x4 is a school-cohort level
average of controls. If our VA estimates are accurate measures of teacher quality, then
aggregate changes in our teacher quality measure at the school should on average be equal
to the aggregate change in the achievement measures A after controlling for other observables.
This will hold for when A\; = 1; under this condition, our teacher effect estimates are “forecast
unbiased”, meaning that they on average capture the true effects of teachers on A. Similar
tests in other studies estimate this model using teachers who change schools or grades as a
source of exogenous variation in teacher quality across schools (Chetty et al., 2014a).

Estimates of A\ for all VA measures are shown in the appendix. For the majority of
the different achievement measures, the estimates of A\; are indistinguishable from 1. In our
context, however, the relationship may be mechanical. In our estimation of (1.9), estimates
of A\ are identified from both changes in teacher composition and changes in quantity of
student exposure to different teachers within the same school. In the future, we plan to
identify aggregate changes in outcomes at the cohort level using only exogenous teacher
switches to further justify selection on observables. For the time being, we will rely on
these imperfect, but suggestive estimates, and will refer to previous studies suggesting that
selection on observables holds for cognitive (Kane and Staiger, 2008; Chetty et al., 2014a)
and non-cognitive (Petek and Pope, 2016; Jackson, 2018) VA models.

The second important assumption is made in the EB shrinkage procedure, which assumes
a normal prior on the teacher quality distribution. Misspecification could lead to incorrect
inference. This threat to validity is particularly concerning for our discrete outcomes, such
as our disciplinary records. We therefore test a variety of shrinkage procedures, including an
unconditional shrinkage, and no shrinkage. We elaborate on these estimates in Section 1.5.
Changes in our shrinkage procedure do not qualitatively affect the results.

Third, our final specification (1.8) requires us to assume that teacher quality is not
related to unobservable determinants of the students’ criminal behavior. Additionally, unlike

6Notably, Rothstein (2010) finds measures of bias by finding association between future teacher quality and
prior test score gains. Chetty et al. (2014a) develop their own test, comparing effects of teachers of different
quality switching schools and grades, and find that the aggregate school-cohort level changes in outcomes
due to these shocks match those predicted by the VA measures. There is still some debate on if this test is
indeed exogenous - Rothstein (2017) has raised questions about this; Bacher-Hicks, Kane, and Staiger (2014)
and Chetty, Friedman, and Rockoff (2017a) address these concerns.
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equation (1.7), our measure of teacher quality aj* is estimated, which in small samples may

be mechanically correlated with o, biasing our estimate of ) (Jacob, Lefgren, and Sims,
2010). We avoid this mechanical correlation by using “jackknifed” estimates of «;®, done by
estimating (1.1) separately for all ¢ using all years s # ¢t. By implementing this “leave-year-
out” procedure, the resulting teacher effects Oé;at) are estimated without using ¢’s cohort,
that is, by estimating O‘;(Zi,t) using all students k in years s # t, eliminating the mechanical

correlation to i’s error term.

Relationship to 2SLS

It is useful to link our approach to estimating equation (1.8) to issues that arise in the
econometrics of instrumental variables models. In estimating (1.8) we seek to recover the
relationship between teachers’ effects on crime and their effects on test scores. One can view
this as an instrumental variables problem in which teacher indicators are used as instruments
for test scores A;; in an equation for crime Y}, in the following specification, as follows:

Yii = X;n+ 0Au+ va
Ai = X8+ o) + €

In this view, the first stage equation of this system corresponds to (1.1), and ¢ from the
second stage represents the same parameter of interest as ¢ from (1.7). The “leave-year-out”
procedure described earlier in this section is useful because it reduces many /weak instrument
bias that would arise for 2SLS due to small sample sizes for each individual teacher. The
parameter of interest, J, captures the causal impact of a change in A;; due to variation in
teacher quality on Y.

In Appendix 1.12, we show the direct connection between 2SLS and VA regression frame-
works explicitly. This framing of long-run teacher impacts as an instrumental variables
problem allows us to think about the issues that arise in estimating long-run teacher effects.
There are three technical issues here. First is the exclusion restriction made in IV. To gain
identification in this framework, we are essentially assuming that the only channel through
which teachers impact their students are through their direct influence on the ability mea-
sure A;. For the time being, let’s suppose that this measure is test scores. If teachers are
influencing skills other than cognitive measures, than this will almost certainly fail.

The second technical issue is the motivation for the jackknife estimator, as there may
be a problem with many weak instruments here (Bound, Jaeger, and Baker, 1995). We see
that by adding numerous teacher dummies, we may be overfitting our first stage equation
(1.1), mechanically inducing correlation between our estimated fitted values A; from the
first stage and second stage error due to the correlation in unobservables for our equations
for Y;; and A;. In the appendix, we also show that, given our estimates, a jackknifed IV
estimator will approximately recover 6. The rationale of this result parallels that of the

7A minor caveat here: the proof shows this for “leave-person-out” averages, whereas we use “leave-year-out”
averages, although the result can easily be extended to incorporate more general averages.
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2SLS framework, which shows jackknifed fitted values are uncorrelated with second-stage
regression errors (Angrist, Imbens, and Krueger, 1999). This result validates our approach
to accurately recover long-run impacts of teachers.

Third, this 2SLS approach reveals that standard errors generated by naive estimation of
(1.8) are likely to be conservative. This is a special case of the fact that standard errors from
“manual 25LS” procedures are incorrect, and generally too large except under extreme forms
of endogeneity (Angrist and Pischke, 2009). The estimates when following our three-step
procedure are still very precise; we do not implement any further corrections to our standard
errors beyond clustering at the school-cohort level.

1.5 Results from Univariate Model

Estimates of Teacher Quality

Our main estimates focus on the impacts of elementary school teachers. To estimate VA
for achievement measure A;, we restrict our estimation sample to students with observed
lagged values of the outcome who have been matched to teachers observed for multiple years
with at least 25 students. We estimate teacher value-added using Equation (1.1) for three
types of short-run measures A;. First, we report VA estimates for reading and math test
scores, which we will refer to as cognitive VA.

Second, we construct estimates of non-cognitive VA using suspensions and absences. Prior
studies have used individual behavioral measures (Gershenson, 2016; Holt and Gershenson,
2017) and weighted averages of multiple behavioral outcomes and letter grades (Petek and
Pope, 2016; Jackson, 2018) to measure students’ non-cognitive achievement. We chose the
former approach both for clarity in interpretation of our estimates, and because in North
Carolina, the “grades” reported for elementary school students are effectively noisier test
score measures. However, unlike test scores, these behavioral actions can be directly influ-
enced by the teacher. In particular, effects on contemporaneous suspensions capture both
students’ changes in juvenile behavior and teachers’ differential propensity to punish their
students. In order to capture just the student component, we also use future suspensions and
absences in grade 6 to evaluate achievement in elementary school (Petek and Pope, 2016).

Third, we construct estimates of “crime value-added”, in which we estimate (1.1) using
age 20 crime outcomes for A;. As discussed in 1.4, we do not include a lagged value of our
outcome in our controls for this estimate, potentially generating biased estimates. Assuming
positive selection of students of high ex-ante crime propensity to high “crime VA” teachers,
the magnitude of our effects will be biased upward. Thus, these “crime VA” estimates will
bound the extent to which teacher employment policies can be used to change crime.

Table 1.2 reports our estimates of o, for each A;. As a reference, Column (1) estimates
a model without controls to show the variation in test scores without controlling for observ-
ables. Column (2) reports the variation in these VA measures for the given outcomes that
we use in our paper, after controlling for our robust set of demographics. We have show
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the distribution of teacher impacts on two cognitive measures (math and reading tests), four
non-cognitive measures (contemporary and future suspensions and absences), “ crime VA”
for criminal charges by age 20.

Teacher quality varies substantially for each outcome. Similar to other previous work, we
estimate the standard deviation of the teacher impact «; to be 0.2 test score standard devia-
tions in math and 0.1 test score standard deviations in reading. In other words, a teacher who
is one standard deviation higher in the distribution of math (reading) value-added improves
math and reading test scores by almost 0.2 and 0.1 student test score standard deviations, re-
spectively. Teachers also affect non-cognitive outcomes: we find that the standard deviation
of a; for grade 6 suspensions is 0.034, meaning that a one standard deviation improvement
in elementary school teacher quality reduces the probability of suspension in grade 6 by 3.4
percentage points. Our preferred non-cognitive models use these grade 6 outcomes; we also
report estimates for contemporaneous suspensions and absences in elementary school, but
since these are under direct control of the elementary school teacher they may conflate effects
on students’ skills with a direct influence on the outcome (Petek and Pope, 2016).

Long Run Estimates

Table 1.3 summarizes our estimates of Equation (1.8). These estimates come from specifica-
tions that treat each student-year in elementary school as an observation. Our outcome of
interest is whether or not the student have committed a crime by age 20, measured by sever-
ity of crime (any crime versus felony) and judicial status of the criminal infraction (criminal
charge versus conviction). We interpret the coefficients as the partial effect of a one standard
deviation increase in teacher quality on either the cognitive dimension or the non-cognitive
dimension.

Relationships between test score value-added and future crime are generally weak. Specif-
ically, a one standard-deviation increase in teacher quality is associated with a 0.1 percentage
point decrease in charge rates by age 20, or about 0.4% of the mean conviction rate at age 20.
Estimated effects for reading on felony charges and conviction outcomes are similar. Math
VA has a statistically insignificant impact on criminal charges, although we do see similar
effect sizes on criminal convictions.

In constrast, teachers that improve non-cognitive outcomes in the short run reduce future
crime. This can be seen in the remaining rows of Table 1.3, which report relationships
between criminal outcomes and estimated teacher effects on absences and suspensions. Note
that the sign of the coefficients on our behavioral measures is now positive, indicating that
elementary school teachers that increase these measures (i.e. cause increases in middle
school absences or suspensions) generate worse crime outcomes. We have reported teacher’s
suspension and attendance VA affects long-run outcomes. On average, teachers that increase
the likelihood of a grade 6 suspension by 1 standard deviation also boost the likelihood of
criminal charges by age 20 by 0.42 percentage points, or 1.8% of the mean charge rate. A
one standard deviation increase in a teacher’s effect on the absence rate leads grade 6 by
one standard deviation lead to a 0.48 percentage point increase in criminality (2.1% of the
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mean charge rate). These estimates are large, precise, and qualitatively consistent across all
of our crime measures.

To gauge what types of crimes may be influenced by better teachers, we also estimated the
same regressions focusing on felony charges by age 20.® The marginal impact of a standard
deviation change in non-cognitive VA is about half of that for overall charges. Recalling
that our felony charge rate is about a quarter of our overall charge rate, this suggests that
good teachers are disproportionately better at reducing serious offenses for students. We see
similar patterns for effects of non-cognitive VA on conviction outcomes. We will explore the
implications of these results in section 1.7.

In addition to estimating differences in the type of crime outcome, we test for heterogene-
ity in the effects of teacher VA for different demographic groups. In the appendix, Table 1.9
estimates (1.8) separately by race. In general, effects of high non-cognitive VA are larger for
black students relative to white students, particularly for the more serious felony and con-
viction outcomes. Similarly, Table 1.10 displays estimates (1.8) separately by socioeconomic
status. The effects of high non-cognitive VA for students from economically disadvantaged
backgrounds are approximately double the effects of individuals from more privileged back-
grounds. These results suggest that teachers who are good at imparting non-cognitive skills
onto students may be better at reducing crimes for underprivileged populations.

The previous results estimate the effect of teacher quality on students’ likelihood of their
first offense occurring before age 20. Table 1.11 also shows effects at various ages of first
offense. At all ages, the effects of cognitive VA on criminal activity are small, but the effects
of non-cognitive VA are large and robust. Moreover, the magnitudes of the effects increase
with the age of the first offense, indicating that teachers are affecting crime rates over time.
Note that while the criminal outcomes are monotonically increasing by age, (if one were
charged with your first offense before age 20, they would also be charged before age 21),
that does not necessarily mean that the relationship between crime and teacher quality is
monotonically increasing. For example, it is possible that teachers of varying quality simply
shift criminal activity to different time horizons, but the effect on aggregate lifetime criminal
behavior does not vary with teacher quality. Given that the magnitudes of the effects increase
with the age of the first offense, this hypothesis seems unlikely. Teachers with high VA are
affecting their students’ future criminal behavior.

Alternative Specifications

To verify our central findings, we estimate the effects of teacher quality on crime using
a variety of specifications. These estimates can be found in the appendix. The general
conclusions of these alternative specifications match those from the main results. These
estimates provide suggestive evidence that teachers can impact crime outcomes through

81f we restrict our outcome to less severe offenses, i.e. misdemeanors, we see effects that are almost exactly
the same as the effects on overall charge rates. This is likely because over 95% of people who have been
charged with a crime by age 20 have been charged with a misdemeanor; rarely do we find individuals with
a felony charge and no misdemeanor charge.
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a cognitive dimension, although these effects are small and generally inconclusive. More
certainly, there is a non-cognitive component of teacher impacts that have lasting results on
their students’ propensity for future criminal behavior.

Our preferred specification pools teacher effects across grades and treats each student-year
as a separate observation. This pooled specification utilizes all available data to precisely
estimate the impact of teacher quality. However, this specification fails to account for cor-
relation in VA of a given student’s teachers in consecutive years. This phenomenon results
from correlated estimation errors of adjacent teachers due to shocks in achievement measures
(Rothstein, 2010, 2017). To address this problem, we estimate several different alternative
specifications that do not have multiple appearances of similar students. Table 1.12 displays
estimates of (1.8) run separately by grade. In this case, the test score VA is weakly significant
for the grade 4 teachers and very small and insignificant for the grade 5 teachers. However,
for both grades, the impacts of high non-cognitive VA has larger, significant impacts on all
crime outcomes.

Another way to address correlated VA across years in the pooled regression is to ag-
gregate the teachers’ VA for each student across grades to test how the total impact of a
student’s fourth and fifth grade teacher impacts her future crime. Table 1.13 reports the
estimates of cumulative and averaged VA in elementary school on crime.” The estimated
effects are smaller in magnitude and noisier, particularly for the test score outcomes. Again,
teachers’ non-cognitive VA, particularly when measured with future suspensions, has the
largest impact on future crime.

To address the possible misspecification in our shrinkage, we estimate (1.8) using two
alternative VA measures: teacher effects using the unconditional shrinkage procedure de-
scribed in (1.4) and using unshrunken teacher effects from (1.1). These estimates have been
reported in Table 1.14. Results from Section 1.12 indicate that the shrinkage procedure
affects the distribution of VA, but the teacher effects on crime should not change substan-
tially under different shrinkage methods. Indeed, while the shrinkage procedure affects the
distribution of teacher effects on short-run outcomes, we find extremely similar impacts of
teacher quality on crime.

Additionally, we estimate similar crime effects for middle school teachers. Table 1.15
displays these estimates. As mentioned before, these results are harder to interpret than
elementary school teacher effects, these crime effects are partial holding all other instruction
constant. For these middle school teachers, there is still a strong, significant impacts of
non-cognitive VA on future criminality. There is also some evidence that better reading VA
teachers have strong impacts on crime, although the impacts of math VA remain small and
insignificant.

The final two appendix tables address biases in crime estimates due to migration. We only
observe criminal acts committed in North Carolina. If out-of-state crime by North Carolinian
students is substantial and related to teacher assignment, then the previous estimates would

9These estimates differ from one another because we can only match approximately 2/3 of students to teachers
in our sample, which limits the number of students in the cumulative VA sample.
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mischaracterize the relationship between VA and crime. We address this by re-estimating
(1.8) for students that appear in our education records in grades 9 and 12. For this sample,
the estimates for early crime outcomes are unaffected by migration these students must still
reside within North Carolina. Table 1.16 reports estimates of (1.8) for these populations on
crime outcomes at age 18, which necessarily appear in the crime data for the grade 12 sample.
The results are comparable to the main results. Table 1.17 reports the same estimates for
age 20 crime outcomes, and yields similar conclusions. We find no evidence of migration
significantly affecting our estimates.

In summary, we find that teachers affect their short-run test scores and behavioral out-
comes, and that the latter effects of teachers lead to long-run changes in criminal behavior.
We now turn to a multivariate random effects model to learn more about the joint distribu-
tion of teacher effects.

1.6 Multivariate Random Coefficients Approach

Model and Estimation

The estimates in Table 1.3 capture bivariate relationships between crime and a given measure
of value-added. Teacher effects on cognitive and non-cognitive dimensions may be correlated,
however. Figure 1.11 in the appendix displays binned scatter plots of teachers’ cognitive
and non-cognitive VA. This visual evidence is not proof that these effects are uncorrelated.
These teacher effects are estimated with error, meaning that any existing correlation would
be attenuated due to noise. Moreover, these cognitive and non-cognitive VA measures are
estimated independently of one another. To determine the joint distribution of teacher effects
along cognitive and non-cognitive dimensions, estimates must consider the joint distribution
of the measures of cognitive and non-cognitive measures, particularly the direct correlation
of teachers’ effects on multiple outcomes, and the correlation in unobservable characteristics
of the student.

To more fully explore the correlation structure between measures of value-added and their
link to future crime, we now extend the model to a multivariate random effects framework
that jointly estimates teacher effects on each outcome, allowing us to recover partial effects
of each dimension on future crime. This approach will also take seriously the binary nature
of the non-cognitive outcomes we consider, which may lead to misspecification issues in OLS
estimation.

The multivariate random effects model is based on the following specification:

A = X(B" + o + (1.10)

This approach follows Broatch and Lohr (2012) to estimate multiple dimensions of teacher
effects. This specification is similar to Equation (1.1), with & indexing the short-run out-
comes. The multivariate set-up allows for flexible correlation between the teacher effects ays
and the unobservables of the student ;.
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In our case, we use one cognitive and one non-cognitive measure of teacher effects. In our
implementation, we use reading scores and future suspensions, respectively. As our preferred
non-cognitive measure is binary, we choose to use a probit specification for our secondary
outcome. Specifically, we fit the following model:

Ailt = Xz{ﬁl + O‘gl‘(z‘,t) + Ezl
A?t* = Xz{ﬁ2 + O‘?’(i,t) + E?
Az?t = ]I{A?t* > 0}

il X = (oz;,a?)' ~ N (Xj’q,za)

2
12 Oc PO
6| X = (e,6) ~ N (0, lpege 1 D (1.11)
Here, A}, is the reading test score and A2 is the suspension occurrence in middle school. We
assume normal distributions for the teacher impacts «; and the student unobservables ¢;.
The covariance matrix

2
o 04,1002 : T .
Yo = ol Pa %7 %% ) describes the variation in effectiveness across teachers on
Pa0a, 10,2 O-a72

each skill dimension as well as the correlation between teachers’ effects on cognitive and
non-cognitive skills. The parameters o, and p. govern the distribution of unobservables at
the student level. As in our univariate estimation, this model allows for a correlated random
effects structure in which the mean of the distribution of teacher effectiveness is depends on
student characteristics. We estimate this model using simulated maximum likelihood.

Posterior Estimation and Teacher Impacts

We use estimates of (1.11) to form EB predictions of teacher quality that account for both
cognitive and non-cognitive outcomes jointly. In this multivariate approach, however, there
is no closed-form estimate of the EB posterior mean. We therefore use the posterior mode in-
stead, following Angrist, Hull, Pathak, and Walters (2017). Formally, we define our posterior
estimates &; as follows:
&; = argmax f(a;|8", 8% X0, 02, pe, Aj, X) (1.12)
aj
Here, f is the density of «;, conditional on the short-run outcomes of teacher j’s students
(A;), all observable student characteristics X, and the parameters in the model (1.11). The
posterior mode &; represents js most probable teacher quality given the observed character-
istics of her classroom.
The resulting non-cognitive teacher effect, 073-, is a measure of the teacher’s effect on the
latent likelihood of suspensions. To assist with interpretation, we instead use the following
measure for non-cognitive VA in our estimates of crime outcomes:

g(@2]X) = (X'B* + oF) — D(X'B” + jua) (1.13)
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Here, g(d? | X) represents the change in future suspension probability for the mean student
who moves from a teacher of mean latent quality p, = X’ to a teacher with latent quality
64?. Our estimates focus on this measure of teacher quality, as the probabilities are directly
interpretable, and are in the same units as the univariate effects. Unlike the univariate
model, teacher quality changes on the probability of future suspensions differ by student
observables X, so we focus on the impact for the average student.

Estimates from the multivariate teaching model are very similar to those from the uni-
variate specifications decribed in Section 1.4.!° Table 1.4 reports estimated parameters in
our correlated random effects model, and compares them to the univariate estimates based
on the methods described in Section 1.4. Implied marginal effects on the outcomes of im-
proved teacher quality based on both methods are comparable. The correlation between
estimated posteriors from the multivariate and univariate estimates is 0.8, indicating that
while the two approaches yield similar results they do not generate identical predictions.

The estimated correlation between cognitive and non-cognitive value-added (Ozjl. and &?)
is 0.027, statistically indistinguishable from zero. This implies teachers’ impacts on students’
future discipline and contemporary test scores are unrelated. This zero correlation between
teacher effects is in contrast to a strong correlation at the student level. The correlation
between our unobserved errors in reading scores and future suspensions is a small but sta-
tistically significant -0.063, indicating that students who are unobservably better at taking
tests are also more likely to be suspended in the future.

Long-Run Effects on Crime

Given our new sharpened estimates of the vector of teacher quality, we can then estimate
long run impacts. We estimate the following equation:

Yiit] = Xjn + 015 + 02 X g(0F, 0 X) + v; (1.14)

This specification allows us to measure partial relationships between crime effects and cogni-
tive and non-cognitive effects. Similar to estimation of equation (1.8), estimates of cognitive
(&;(i7t)) and non-cognitive (g(dg(i7t) | X)) ability are standardized to have mean zero and stan-
dard deviation one. This specification assumes additive separability of teachers’ different
short-run effects on their students’ criminal behavior, allowing us to interpret d; (J2) as the
partial effect of a one standard deviation increase in cognitive (non-cognitive) VA on future
crime probability holding other dimensions of teacher quality constant.

Table 1.5 displays estimates of equation (1.14). Column (3) reports estimates of the
full specification for our crime outcomes at age 20. The results show that teacher quality
impacts on crime arise entirely through a non-cognitive channel. The effects of reading

test scores are small and insignificant, whereas the non-cognitive effects are large, with a

10Similar to Equation (1.13), we report 642 = ® (X'8% + 002 + pta) — ® (X'8% + ) in row 2, column 4.
This is interpreted as the change in probability of a future suspension for the average student when moving
from a teacher of average quality to a teacher with a standard deviation higher in latent suspension VA.
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standard deviation increase in (g(d?(i)p_( )) leading to a 0.6 percentage point decrease in
criminal charges by age 20. Relative to the mean occurrence, the effects are even larger for
felony charges and convictions. Columns (1) and (2) also report these univariate effects by
only including the cognitive and non-cognitive VA estimates in Equation (1.14), respectively.
These point estimates are almost identical as the estimates from the full model, as expected
since these teacher effects are orthogonal.

We also estimated (1.14), replacing the multivariate VA djl.(i) and g(d?(i)|X) with the
corresponding VA estimates from our univariate model. These estimates are reported in
Column (6), with (4) and (5) showing the univariate effects.'’ The results are almost identical
to the estimates using multivariate VA.

In summary, we used a correlated random effects framework to account for multidimen-
sional teacher effects. The results indicate that teachers’ short-run effects on cognitive and
non-cognitive skills are orthogonal. Moreover, teachers’ effects on their students’ crime is
found to be entirely driven by their non-cognitive effects on students. These results indi-
cate that hiring policies using test score VA will fail to even partially compensate teachers’
development of their students’ non-cognitive skills (Neal, 2011). As these skills generate po-
tentially large welfare gains through reduced crime, such test-score based hiring policies may
be suboptimal. We will explore this notion in the next section, where we use our estimated
teacher impacts to quantify how teacher hiring policies can be used to reduce crime.

1.7 Policy Consequences

Our results have implications for the design of teacher personnel policies that use measures of
teaching effectiveness as inputs. As teacher quality is not well predicted by ex-ante observable
characteristics of the teacher (Rivkin, Hanushek, and Kain, 2005), but many districts use
measures of test score value-added for firing and promotion decisions (Fryer, 2013; Podgursky
and Springer, 2007; Glazerman, Protik, Teh, Bruch, and Max, 2013). We use our estimates
of relationships between short-run teacher effects and crime to ask how such policies affect
future criminal outcomes, and explore whether policies that include non-cognitive measures
could do better.

Concretely, we follow previous studies (Hanushek, 2011; Chetty et al., 2014b; Petek and
Pope, 2016) that simulate how counterfactual teacher hiring policies can alter the students’
future outcomes. These simulations replace teachers in the bottom vingtile of teacher quality
with teachers of median quality, and see how such a swap will impact the distribution of stu-
dent outcomes. We exploit the cognitive and non-cognitive posteriors from the multivariate
model separately, and combinations of these two measures. The results are summarized by
reporting the total change in student outcomes as a fraction of total crime.

HThese effect estimates, notably the test score VA impacts, are different from those reported in Table 1.3
due to sample differences. Equation (1.14) is estimated on the sample of students with observed test score
VA and future suspension VA. Equation (1.8) only restricted to students with the single observed teacher
quality measure.
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Table 1.6 summarizes the results of this simulation exercise. These estimates report
the aggregate reduction in crime from the above teacher personnel policy a percentage of
the total amount of each type of criminal outcome. We use our teacher effects from our
multivariate random effects model in our simulation.

The first row shows how rates of first-time crime at age 20 are affected in each simulation.
The results show very small reductions in crime when using test score evaluations of teachers
- we would reduce all charges fall by approximately 0.019%, and all felony charges by 0.057%.
We see similarly modest impacts of a test score hiring policy on the reductions of criminal
convictions.

The second row performs the same experiment using future suspension effects, the mea-
sure of non-cognitive value-added with the largest effects on crime rates. Compared to a
policy based on cognitive measures, this policy improves crime reduction by an order of
magnitude. Aggregate charges fall by 0.27% and felony charges fall by 0.55%. Moreover,
since cognitive value-added is conditionally uncorrelated with crime effects, policies that com-
bine the two measures do no better than policies that use the non-cognitive measure alone.
Moreover, since cognitive value-added is conditionally uncorrelated with crime effects, poli-
cies that combine the two measures do no better than policies that use the non-cognitive
measure alone. they appear to be sufficiently capture any cognitive impacts of teachers’
cognitive impacts on crime. The third row calculates the changes to aggregate crime using
both future suspension and reading VA in this policy. The reductions in total crime using
this combination measure are almost identical to the results of a policy using only future
suspensions. The dominant feature of crime reduction comes from the non-cognitive impacts
of teachers.

To provide a benchmark for the maximum possible impact of this teacher hiring policy,
we also simulate a counterfactual hiring policy using “crime VA”, in which we estimate
(1.1) using crime at age 20 as the dependent variable. The results of this simulation have
been reported in the final row. As explained in Section 1.4, these “crime VA” estimates will
likely overestimate the causal effect of teachers on crime, and therefore will bound the extent
to which teacher employment policies can be used to change crime. The estimates indicate
maximum, a teacher hiring policy replacing the bottom 5% of teachers could reduce 0.26% of
all criminal charges and 0.68% of felony charges. This means that policy simulations using
non-cognitive VA are able to generate over half of all possible crime reductions through
improved teacher quality.

Past studies have shown that test-score based personnel policies lead to substantial wage
increases for students (Hanushek, 2011; Chetty et al., 2014b). The above simulations indicate
that teacher hiring policies can also be used to reduce crime, although this can only be
achieved if personnel decisions also incorporate non-cognitive teacher quality. Given the high
social value of reduced crime (Heckman et al., 2010a), these estimates suggest substantial
social welfare gains by using policies that combine multiple measures of teacher effectiveness
(Neal, 2011).
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1.8 Conclusion

The literature on educational interventions and teacher quality in particular show that im-
proved educational effectiveness has profound impacts on students. Our findings add to this
constellation of findings, revealing that high-quality teachers also reduce crime. Moreover,
we provide evidence that teachers mainly affect their students’ crime propensity through a
non-cognitive channel, and that these non-cognitive effects are unrelated to teachers’ effects
on test scores.

These results indicate that incentive-pay involving test-score measures alone will fail to
maximize social returns for teachers, because such schemes will not incentivize any crime-
reducing behavior among teachers. Moreover, test score performance incentives may crowd
out teachers’ development of their students’ non-cognitive skills (Neal, 2011). While test
score based incentives fall short of maximizing social welfare, future work is required to take
into account the substantial heterogeneity in social costs of crime by offense type.

Pay performance schemes involving outcomes other than test scores are fairly new, and
the optimal design and effectiveness of such merit pay schemes are open questions. The
behavioral measures used to evaluate teachers in this paper, future suspensions and absences,
are limited in their scope due to their indirect estimates of ability, and due to the change in
interpretation depending on district and school policy. More direct assessments of changing
non-cognitive ability of students, such as tests for executive function and effort, may recover
more precise estimates of teacher impacts on non-cognitive outcomes (Moffitt, Arseneault,
Belsky, Dickson, Hancox, Harrington, Houts, Poulton, Roberts, Ross, Sears, Thomson, and
Caspi, 2011; Araujo, Carneiro, Cruz-Aguayo, and Schady, 2016). We leave this area open
for future work.

1.9 Figures
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Figure 1.1: Relationships Between Grade 3 Test Scores and Criminal Charge Rates
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Notes: These graphs display binned scatter plots of criminal charge rates at age 20, in percentage points,
as a function of third grade test scores. Test scores are standardized to have mean zero and standard
deviation one by subject and year. These figures are generated by taking centiles of the test score
distribution, calculating the average charge rate and test score average within each bin, and plotting
these averages for each binned centile. Lines represent bivariate ordinary least squares regressions of a
criminal charge indicator on test scores. The sample includes all third graders enrolled in schools with
25 or more students that were at least 20 years old in 2015.
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Figure 1.2: Relationships Between Test Scores and Age 20 Crime Rates

A. Test Score Levels
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Notes: This figure displays the association between the likelihood of criminal charges and test scores for
grades 3 through 8. Panel A plots slope coefficients from regression of an indicator for criminal charges at
age 20 on the test scores fit separately by grade. Panel B displays coefficients from regressions of a crime
indicator on the change in test scores from the previous year. These coeflicients are multiplied by 100.
Each graph displays slopes from bivariate regressions (red points) and slopes from regressions with the
following additional controls (blue points): gender, race, special education, limited english proficiency,
economic disadvantage status, parental education, on-time grade progression from the previous year,
contemporaneous suspensions and absences, and home tract and school fixed effects. Error bars display
95% confidence intervals, using standard errors that are clustered at the school-year level.
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Figure 1.3: Relationships Between Test Scores and Age 20 Crime Rates By Demographics

A. By Gender
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Notes: This figure displays the associations between criminal charges and test scores for different sub-
populations in grades 3 through 8. Points are slope coefficients from regressions of an indicator for a
criminal charge by age 20 on test scores and control variables. The control variables are the same as the
controls used in the regressions from Figure 2. Panel A plots the coefficients for boys and girls, Panel
B for black students and white students, and Panel C for students who are economically disadvantaged
and non-disadvantaged.
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Figure 1.4: Relationships Between Behavioral Measures and Age 20 Crime Rates

A. Without Lagged Behavioral Measures
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Notes: This graph displays associations between the likelihood of criminal charges and behavioral out-
comes in grades 3 through 8. Left-hand panels show coefficients from regressions of a charge indicator on
a suspension indicator, and right-hand panels show coefficients from regressions of a charge indicator on
the log of one plus the number of absences. As in Figure 2, the graphs display both bivariate regression
coefficients and coefficients from models that control for gender, race, special education, limited english
proficiency, economic disadvantage status, parental education, on-time grade progression from the pre-
vious year, contemporaneous test scores, and home tract and school fixed effects. Panel B adds lagged
behavioral measures as controls. Each regression is estimated separately by grade. Error bars display
95% confidence intervals.
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1.10 Tables

Table 1.1: Summary Statistics

28

Value-Added Sample

Offenders' Sample at Age 20

Grade 4 Grade 5 Criminal Charge Felony Charge

Female 0.496 0.498 0.364 0.178
Black 0.277 0.278 0.379 0.511
Economically Disadvantaged 0.479 0.470 0.549 0.690
Special Education 0.116 0.110 0.137 0.183
Limited English Proficiency 0.038 0.033 0.016 0.016
Parents Attended College 0.429 0.438 0.337 0.229
Suspended 0.049 0.062 0.097 0.180
End-of-Year Math Score 0.032 0.034 -0.192 -0.453
End-of-Year English Score 0.021 0.024 -0.221 -0.516
Criminal Charge by Age 20 0.234 0.234 - -
Felony Charge by Age 20 0.057 0.057 - —
Criminal Conviction by Age 20 0.052 0.052 - —
Felony Conviction by Age 20 0.022 0.022 - —

N 126887 30689

1773898

1697758

Notes: This table displays descriptive statistics for North Carolina elementary school students matched
to criminal records. The first two columns report mean demographics of fourth and fifth grade students,
restricted to individuals with observed math and reading test scores in the relevant grade. Column (3)
reports mean characteristics for our sample of individuals charged with a crime by age 20. Column (4)
reports mean characteristics for individuals charged with a felony by age 20.
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Table 1.2: Distribution of Teacher Value-Added

Standard Deviation of Teacher Effects

Skill Type Outcome Mean
A 2)
Math Scores 0.055 0.397 0.171
o (0.002) (0.001)
Cognitive
Reading Scores 0.040 0.360 0.095
(0.002) (0.001)
Contemporaneous 0.056 0.053 0.031
Suspensions (0.001) (0.000)
Future Suspensions 0.108 0.071 0.034
- (0.001) (0.001)
Non-cognitive
Contemporaneous 1.670 0.156 0.083
log(Absences+1) (0.001) (0.001)
Future 1.722 0.158 0.108
log(Absences+1) (0.002) (0.001)
o Any Charge 0.233 0.048 0.031
Criminal Charges by (0.001) (0.001)
Age 20
Felony Charge 0.056 0.024 0.011
(0.000) (0.000)
Controls X

Notes: This table displays the standard deviations of teacher value-added on outcomes for fourth and
fifth-grade students. The row indexes which value-added measure we are estimating. Standard deviations
are maximum likelihood estimates of o, from Equation (??). Column (1) estimates this model without
any controls. Column (2) adds controls for cubics in lagged math and reading test scores, sex, race,
special education, limited english proficiency, economic disadvantage status, parental education, on-time
grade progression from the previous year, lagged suspensions and absences, school-level averages of each
of these variables, and grade and year dummies. Samples are restricted to teachers observed in multiple
years with at least 25 students. Samples for cognitive and non-cognitive outcomes are also restricted to
students with a lagged measure of the outcome variable. Future non-cognitive outcomes are measured in
sixth grade. Mean values of the outcomes are also reported.
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Table 1.3: Impacts of Value-Added on Crime

Charges at Age 20 Convictions at Age 20
VA Measure Any Felony Any Felony
) (2) 3) 4)
Math Scores -0.028 -0.019 -0.084 -0.039
(0.049) (0.027) (0.026) (0.017)
. -0.104 -0.033 -0.087 -0.032
Reading Scores
(0.050) (0.027) (0.026) (0.017)
Contemporaneous 0.191 0.026 0.188 0.026
Suspensions (0.072) (0.039) (0.037) (0.025)
Future 0.417 0.243 0.247 0.130
Suspensions (0.079) (0.043) (0.041) (0.027)
Contemporaneous -0.003 0.076 0.052 0.037
log(Absences+1) (0.105) (0.057) (0.053) (0.035)
Future 0.480 0.265 0.149 0.153
log(Absences+1) (0.102) (0.055) (0.051) (0.034)

Notes: This table reports estimates of relationships between crime outcomes and teacher cognitive and
non-cognitive value-added. Estimates come from regressions of a crime indicator on posterior mean
predictions of teacher value-added (Equation (1.8)). Coefficients are multiplied by 100. Value-added
measures are standardized so that the reported estimates can be interpreted as the impact of a one-
standard deviation change in value-added on the likelihood of committing a criminal offense by age 20, in
percentage points. Column (1) reports the teacher impacts on any criminal charges, Column (2) reports
the impacts on felony charges, Column (3) on any convictions, and Column (4) on felony convictions.
Standard errors are reported in parentheses and are clustered at the teacher level.
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Table 1.4: Multivariate Distributions of Value-Added

Univariate Model Multivariate Model
Reading Future Reading Future
Scores  Suspensions Scores  Suspensions
€)) 2) €)) “4)
Mean Outcome 0.040 0.108 0.098 0.103
Impact of a Std. Dev. Increase in a on 0.095 0.034 0.097 0.060
Outcome (0.001) (0.001) (0.001) (0.001)
Correlation in Teacher Effects on - 0.027
Cogntive and Non-Cognitive Skills (p.) (0.085)
Correlation in Student Unobservables - -0.063
(o) (0.004)

Notes: These numbers reflect and compare the parameter estimates of teacher effects from the univariate
model outlined in Section 1.4 and the multivariate random effects model in Section 1.6. The second row
displays the impact of a standard deviation increase in the random effect on the given VA measure. For
columns (1), (2), and (3), this value corresponds to the standard deviation of the teacher value-added
(VA) for the given outcome, which is our estimates of o,. In Column (4), as « is a latent effect in
the multivariate model, this corresponds to the change in future suspension probability due to a one
standard deviation change in standard deviation in at mean characteristics. The third row displays the
correlations between reading and future suspension VA, or p, in the multivariate model. The fourth
row displays our estimate of p., the correlation coefficient between student unobservables for reading and
future suspensions.
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Table 1.6: Policy Simulations
Charges Convictions
Value-Added Measure All  Felonies All Felonies
A 2 3) 4
Reading Scores -0.017  -0.050  -0.038  -0.066
Future Suspensions -0.268  -0.552  -0.436  -0.798
Reading Scores and Future Suspensions -0.269  -0.552  -0.458 -0.802
Crime (theoretical limit) -0.382  -0.676  -1.399  -0.925

Notes: This table reports predicted effects of policies that replace the bottom 5% of teachers according
to some measure of teacher value-added with an average teacher. Estimates are predicted changes in
the likelihood of a crime by age 20, in percentage points multiplied by 100. Value-added estimates come
from the multivariate random effects model in Table 5. The reading score measure uses only test score
value-added, while the future suspension measure uses only non-cognitive value-added. The “reading
score and future suspension” measure combines cognitive and non-cognitive value-added to predict a
teacher’s effect on crime, and replaces the bottom 5% according to this metric. The crime value-added
simulation uses a direct measure of a teacher’s effect on future crime. This policy is infeasible in practice
because crime outcomes are only observed many years into the future.
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1.11 Appendix: Data Construction

Education Data

Our sample was constructed as described in Section 1.2. However, our panel of outcomes
is not continuous, and both our test score and behavioral outcomes ar emissing for several
years of our panel from 1995 to 2011. The test score data is mostly complete, although in
the 1995-96 cohort, we do not observe grade 5 test scores, meaning that we can only evaluate
test score quality for fourth grade teachers in these years. The attendance data begins in
the 2003-04 school year, which is the first year we can evaluate teachers along this metric.
The discipline records exist beginning in the 2000-01 school year, with the exception of
the 2004-05 school year, in which there are no student IDs to match the suspension records to
the other education records. However, these records were more difficult to process than our
other outcomes. We focused on out-of-school suspensions, as these by law are forced to be
reported (detentions and in-school suspensions are not), and are relatively frequent in nature
(approximately 10% of sixth graders are suspended at least once in a given year). However,
this legal enforcement did not ensure that the records were kept in the administrative data.
Before the 2007-08 school year, approximately 50% per year, did not have any students
appear in the disciplinary data, whereas by 2007-08, over 98% of schools had at least one
student appear in the discipline records each year. While it is possible that these records are
accurate and there was simply a major uptick in suspensions in the mid-2000s, we believe this
indicates that schools varied widely in their reporting of disciplinary records until the 2007-08
school year. For this reason, we only estimate suspension VA for teachers attending schools
that suspended at least one student in the given year. We therefore interpret our suspension
effects as an intensive margin effect, meaning that our effects estimate the variation in your
likelihood of being suspend, given that your school is willing to suspend its students.

Matching Students to Teachers

In our main specification, we match elementary school students to teachers based on the
test score proctor. This match is only successful in identifying younger grades, as students
typically only have one teacher.

For middle school teachers, we utilize the course membership files, which exist from 2007
through 2016 for all grades. These records identify teacher-student pairs for all unique course
codes, allowing us to identify subject-specific cognitive ability gain for math and reading
classes for teachers in grades 4 though 8 for 2007-2016. This sample has the advantage of
being more exact — we know ezxactly who each instructor for each course is, whereas in our
main analysis, we only observe the test score proctor, forcing us to err on the conservative
side and omit several classrooms that had proctors that we could not certify were teachers.
However, these direct classroom match limits the duration of our long-run crime outcomes
that we can observe for these students, which is why we focus on the former.
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Table A1 summarizes the sample of middle school students matched using these course
membership files. We also made (omitted from the text) a similar table for elementary school
student to compare observables. These descriptives are very similar, with the exception of the
limited English proficiency (LEP) rate. We see almost double the population of LEP students
in our course membership sample as we do in the test proctor sample. This difference appears
to come from two key differences: the share of LEP students in North Carolina public schools
has increased substantially in recent years, and limiting to test takers in the test proctor
sample causes the LEP fraction to drop by about one-third, suggesting that LEP students
were not taking these exams in earlier years of the sample.

Education and Crime Data Merge

Our criminal records were collected from two sources: The North Carolina District and Supe-
rior Courts (DSC) and the Department of Public Safety (DPS). The former records included
any time there was a criminal charge filed. These records begin in 1996 and include all severe
misdemeanor and felony cases; beginning in 2005 and continuing through 2015, these records
then also included all misdemeanor and felony charge cases. The latter records span back
through 1970 and include all instances when you were sentenced for a criminal conviction
that led to some sort of mandated supervision, whether it be parole or incarceration, an
outcome that was required by law for all felonies and severe misdemeanors. We focus on the
years 2005-2015 in our crime analysis, as these are the richest crime records that we have,
although the North Carolina Education Research Data Center (NCERDC), who manages
the administrative education records for the state, attempted to merge all of the unique
criminal records, totaling 5,495,303 records, to the education data.

The NCERDC performed the match using three characteristics of the offender: name,
date of birth (DOB), and last four digits of the social security number (SSN4). Approxi-
mately 60% of our merged arrest records happened on using all three criteria, about 35% of
the remaining records were merged using name matches and DOB alone, with the remaining
fraction of the records either due to exact names and SSN4, or using approximate names,
DOB, and SSN4 together. When we say approximate names, we included exact matches,
matches using common nicknames, manual misspellings, and SPEDIS scores of distance be-
tween the names in the two source; we considered matches where the SPEDIS score if both
first name and last names had scores no greater than 40, or if either name had a score no
greater than 35.

Given this procedure, we were able to match 1,170,683 of the approximate 5.5 million
records to education records. The vast majority (approximately 75%) of the criminal records
that were unmatched were of individuals born before 1978, meaning that most of these offend-
ers would have graduated or left high school before appearing in our sample of educational
records, which begin in 1994-95 school year.

To verify the quality of our match, we used state-level aggregates for our cohorts to verify
our match numbers. According to North Carolina’s Department of Vital Statistics, 104439
individuals were born in the state. In our records, we find 10683 of people born in 1990 had
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a felony charge by age 25. We were able to match 10259 of these individuals to first-time
third graders in the state of North Carolina, at a rate of 10.2%. Overall, we find that in our
sample, the felony charge rate by age 25 is 11.4%, slightly higher than the average. There
are two possible explanations for this. First, our sample only looks at the outcomes of public
school students. While this accounts for almost 90% of the total population of students in
North Carolina, our sample is more at risk and thus may have higher rates of offending. It
is also possible that part of this could be due to migration. North Carolina has one of the
highest positive net migration rates of any state in the country; if young children move into
the state and commit crimes at a higher rate than native born individuals, we will see an
uptick in numbers.

We are not overly concerned with either of these, as the threats to external validity
given the coverage of our data our low, and net inflow of migrants will not threaten our
estimates. The main concern would be migration out of the state that happens systematically
in a way related to teacher assignment and criminality; we are labeling individuals who do
not appear in the criminal justice records as non-offenders, but if individuals who left the
state committed crimes in other locations, our results would be biased. However, given the
extremely accurate matching of our 1990 felony charge counts to aggregate samples, we do
not believe this will be a problem.

Moreover, our criminal offending rates are quite close to numbers are similar to numbers
found in other samples. In particular, Brame et al. (2012) show an arrest rate of 24.0%
nationally by age 20 when the National Longitudinal Survey of Youth in 1997, a nationally
representative sample of adolescents. Moreover, in unpublished work, Rose and Shem-Tov
(2018) find similar rates of offending in Washington State.!?

1.12 Appendix: Relationship Between 2SLS and
Value-Added

Baseline Model

In this section, we formally show the relationship between 2SLS estimators value-added
estimates. This will be a simplified version of the VA framework, but can readily be extended
to the model in Section 1.4. Ultimately, the goal is to determine the effect of a teacher’s VA
@j(y on outcome Y; (e.g., earnings at age 28, or criminal charges by age 20). First, a fixed
effect model is used to recover estimates of teacher impacts on achievement measure A;, such
as test scores, after controlling for other characteristics of the student X;, as follows:

2Important to note: Billings et al. (2013) have a similar match pattern for a subset of our years within
Charlotte-Mecklenburg county, although their estimated arrest rates are much lower than ours. This dis-
crepancy is due to their sample construction, where they take a fixed panel of arrest dates and match multiple
years of educational records to these arrests. We only consider charge rates by a given age, and restrict our
sample to individuals whose entire criminal history until that age would be observed in the data.
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Ultimately, the goal is to estimate the following:
Y; = Xin +vaju) + wi (1.16)

Here, « is the causal parameter of interest. «;(;) is not observed, and is proxied with
our estimate &;(; from (1.15). However, due to concerns of measurement error attenuating
the estimated teacher effects, we will use a shrunken estimate f;(&) in place of o; when
estimating Equation (1.16), shown below:

The shrinkage function f;(-) depends on the type of shrinkage used.
Now consider a causal model described by:

Y, = X{ﬁQ +3A; +n; (1'18)

Suppose we try to estimate 7 using teacher indicators as instruments. The first stage
would be the regression depicted in (1.15). Substituting in, we get the following expression
for the expression for Y:

Y; = X{B1 + A + u; (1.19)

= Xz(/él + 7(XZ(BO + Q) + Ui (1.20)

= X[(Br +7'Bo) + V) + s (1.21)

= X{B" + a6 + u; (1.22)

But this is exactly the same model as in our VAM estimates whenever f;(G;u)) = &;e),

or the model without any shrinkage. In other words, the causal parameter we are interested

in is also identified by a 2SLS regression of the long-run outcomes on test score gains using
teacher assignment as an instrument.

Shrinkage with constant n per teacher

A common shrinkage strategy is to use homoskedastic empirical Bayes assuming student
errors and teacher quality are normally distributed, as shown below:

eilay ~ N(0,07) (1.23)
a; ~ N(0,02) (1.24)

This approach is somewhat difficult to implement in the presence of covariates. In the
past, some researchers have residualized A; on covariates, and then applied a shrinkage using
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these residualized measures (Chetty et al., 2014a). Doing so fails to account for the sorting
of students to teachers based on observable characteristics, as described in Section 1.4.

We instead model a;(;) ~ N(X ol 02), meaning that teacher value added can depend on
average student characteristics. This allows us to avoid shrinking towards a “grand mean”
of zero and shrink towards average covariate-dependent means instead.

First, we can estimate a;(;) and 7y using the following regression:

Ai = X{Bo+ Xjy + e (1.25)

We can then form estimates of &) = o) — X v as follows:

b 1 1N v/ o

€]

The resulting shrunken value-added estimate for teacher j is:

VA = (1= NXA+ Maye + X/A) (1.28)
g
A= — 1.2
o+ 0c/N (1.29)

Suppose that instead of doing all this, we use Aj and X J’ as instruments in a 2SLS set-up.
If we want the first stage to include some kind of shrinkage, we can use a version of the
student-level leave-out mean flj(,i) + X 4 along with X; itself as instruments. The first
stage regression is then:

Ai = XUfo+ X8 + 0( Ay + XIA) + e (1.30)
= X[Bo+ X}(B1 + 64) + &) + € (1.31)
= X[Bo + X} + 6dj—p) + € (1.32)

where the last line follows from the fact that the leave out mean &j(i) is orthogonal to
X, so that regression is the same as one that omits the leave out mean all together. This
implies that §; + 09 = 4 so that £, = 4(1 — §).

After applying the Frisch-Waugh-Lovell Theorem to X; and X, § will be given by the
following expression:

cov(fj, & + €
5= ( J~ J iv-1 Zkej,k;& k) (1‘33)
var(dy + N-1 Zkej,k;éi er)
Oa
= 1.34
O +0c/(N —1) ( )

.\ (1.35)
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Thus, we can express Y as follows:

Y, = X!B1 +FA; + u; (1.36)
= X1 +7 (Xiho + X)8 + A4, ,)+X7) (1.37)
= X/(B1 +9B0) + 7 ((1 — NXA+ A Ay + X &)) + (1.38)
= X{(B1 +760) + AV A; +u (1.39)

The very last step is an approximation, since # A, but should be very similar with a
large sample. Note that this “jackknife” procedure is not quite the same as the one presented
in Section 1.4. Namely, in order to avoid serial correlation of the classroom effect, we omit
cohorts in our teacher estimates, not simply the individual in question. However, in parallel,
we can expect the noise term in the corresponding ) to be slightly larger. However, assuming
the number of students is significantly larger than the number of students per classroom,
which will be true in cases with many years of data.

1.13 Appendix: Additional Figures
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Figure 1.5: Relationships Between Test Scores and Crime Rates By Age and Crime Severity

A. Misdemeanor Charges
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Notes: This figure displays the associations between criminal charges and test scores for different subpop-
ulations in grades 3 through 8. The figures vary the criminal charge of interest, and the age of the first
offense. Panel A plots the coefficients for misdemeanor charges, Panel B for felony charges, and Panel C
for criminal convictions. All images plot the associations for first criminal charges of the given type by
ages 17, 20, and 23. Points are slope coefficients from regressions of an indicator for a criminal charge by
a given age on test scores and control variables. The control variables are the same as the controls used
in the regressions from Figure 2. Each regression is estimated separately by grade. Error bars display
95% confidence intervals.
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Figure 1.6: Relationships Between Test Scores and Crime Rates by Age and Crime Type

A. Assault Charges
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Notes: This figure displays the associations between criminal charges and test scores in grades 3 through
8. The figures vary the criminal charge of interest and the age of the first offense. Panel A plots the
coefficients for assault charges, Panel B for property crime charges, and Panel C for drug charges. All
images plot the associations for first criminal charges of the given type by ages 17, 20, and 23. Points are
slope coefficients from regressions of an indicator for a criminal charge by a given age on test scores and
control variables. The control variables are the same as the controls used in the regressions from Figure
2. Each regression is estimated separately by grade. Error bars display 95% confidence intervals.
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Figure 1.7: Relationships Between Test Scores and Age 20 Felony Charge Rates Across

Demographic Groups A. By Gender
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Notes: This figure displays the associations between felony criminal charges and test scores for different
subpopulations in grades 3 through 8. Points are slope coefficients from regressions of an indicator for
a felony criminal charge by age 20 on test scores and control variables. The control variables are the
same as the controls used in the regressions from Figure 2. Panel A plots the coefficients for boys and
girls, Panel B for black students and white students, and Panel C for students who are economically
disadvantaged and non-disadvantaged. KEach regression is estimated separately by grade. Error bars
display 95% confidence intervals.
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Figure 1.8: Relationships Between Test Scores and Age 20 Assault Charge Rates Across

Demographic Groups A. By Gender
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Notes: This figure displays the associations between assault charges and test scores for different sub-
populations in grades 3 through 8. Points are slope coefficients from regressions of an indicator for an
assault charge by age 20 on test scores and control variables. The control variables are the same as the
controls used in the regressions from Figure 2. Panel A plots the coefficients for boys and girls, Panel B
for black students and white students, and Panel C for students who are economically disadvantaged and
non-disadvantaged. Each regression is estimated separately by grade. Error bars display 95% confidence
intervals.
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Figure 1.9: Relationships Between Test Scores and Age 20 Property Crime Charge Rates

Across Demographic Groups A. By Gender
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Notes: This figure displays the associations between property crime charges and test scores for different
subpopulations in grades 3 through 8. Points are slope coefficients from regressions of an indicator for
a property crime charge by age 20 on test scores and control variables. The control variables are the
same as the controls used in the regressions from Figure 2. Panel A plots the coefficients for boys and
girls, Panel B for black students and white students, and Panel C for students who are economically

disadvantaged and non-disadvantaged. Each regression is estimated separately by grade.

display 95% confidence intervals.

Error bars
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Figure 1.10: Relationships Between Test Scores and Age 20 Drug Crime Rates Across De-

mographic Groups A. By Gender
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Notes: This figure displays the associations between drug charges and test scores for different subpop-
ulations in grades 3 through 8. Points are slope coefficients from regressions of an indicator for a drug
charge by age 20 on test scores and control variables. The control variables are the same as the controls
used in the regressions from Figure 2. Panel A plots the coefficients for boys and girls, Panel B for
black students and white students, and Panel C for students who are economically disadvantaged and
non-disadvantaged. Each regression is estimated separately by grade. Error bars display 95% confidence
intervals.
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Figure 1.11: Binned Scatter Plots of Value-Added Measures
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Notes: This figure displays the binned scatter plots between our cognitive and non-cognitive value-added
measures of teacher quality. Our cognitive measures estimate VA using math and reading test scores, and
our non-cognitive VA measures measure changes in grade 6 suspensions and absences. These measures
were estimated following the procedure described in Section 1.4 of the paper, and then standardized to
be mean 0 and standard deviation 1 within the distribution of teachers. The binned scatter plots display
the mean cognitive and non-cognitive VA within each vingtile of the cognitive VA. The slopes represent
the change in non-cognitive VA (in standard deviation units) associated with a one standard deviation

change in test-score VA.

1.14 Appendix: Additional Tables
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Table 1.7: Summary Statistics for Middle School Sample

Value-Added Sample Offenders‘ Sample at Age 20
Grade 6 Grade 7 Grade 8 Any Felony
Female 0.493 0.494 0.495 0.357 0.174
Black 0.260 0.264 0.267 0.383 0.507
Economically Disadvantaged 0.515 0.500 0.483 0.558 0.681
Special Ed 0.134 0.123 0.116 0.151 0.206
LEP 0.049 0.046 0.044 0.026 0.025
Parents Attended College 0.419 0.421 0.427 0.330 0.228
Suspended 0.103 0.119 0.122 0.203 0.318
End-of-Year Math Score 0.028 0.034 0.040 -0.274 -0.554
End-of-Year English Score 0.022 0.028 0.033 -0.269 -0.571
Criminal Charge by Age 20 0.210 0.214 0.216 - -
Felony Charge by Age 20 0.052 0.050 0.048 - -
Criminal Conviction by Age 20 0.044 0.043 0.041 - -
Felony Conviction by Age 20 0.019 0.018 0.017 - -
N 972451 979691 976271 70371 16573

Notes: This table displays descriptive statistics for North Carolina middle school students
matched to criminal records. The first three columns report mean demographics of sixth,
seventh and eighth grade students restricted to individuals with observed math and read-
ing test scores in the relevant grade. This sample is restricted to students in the 2007
cohorts and beyond, as this population can be matched to middle school teachers using
course membership files. The first two columns report mean demographics of sixth, sev-
enth, and eighth grade students, restricted to individuals with observed math and reading
test scores in the given grade. Column (4) reports mean characteristics for our sample
of individuals who have received a criminal charge by age 20. Column 5 reports mean
characteristics for individuals with a felony charge by age 20.
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Table 1.8: Estimating Forecast Bias in Value-Added Estimates

Standard Deviation in Outcome

VA Measure (1) (2)
Math Scores 1.165 1.049
- (0.016) (0.011)
Cognitive
Reading Scores 1.214 1.038
(0.023) (0.014)
Contemporaneous 1.091 1.099
Suspensions (0.037) (0.035)
Future Suspensions 0.991 0.984
N (0.048) (0.045)
Non-cognitive
Contemporaneous 1.132 1.111
log(Absences+1) (0.029) (0.027)
Future 1.202 1.181
log(Absences+1) (0.030) (0.027)
Demographic
X
Controls

Notes: This table displays estimates of A\; in Equation (1.8) to quantify forecast bias
in our value-added estimates. The row specifies the teacher VA measure used as our
quality measure. For each measure of teacher quality, these estimates were constructed
by first aggregating the skill measure and the teacher VA measure to the school-grade year
level, and then by regressing first differences of the former on the first differences of the
latter. Column (1) displays these estimates without including for differences in our control
measure £. Column (2) includes changes in this measure. Estimates of £ were constructed
by estimating (1), replacing teacher dummies with teacher VA, and then aggregating the
non-VA terms to the school-grade-year level.
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Table 1.15: Impacts of Value-Added on Criminal Activity for Middle School Teachers

Charges at Age 20 Convictions at Age 20
VA Measure Any Felony Any Felony
@)) 2) 3) 4
Math Scores 0.008 -0.031 -0.034 -0.011
(0.033) (0.015) (0.014) (0.009)
Reading Scores -0.286 -0.113 -0.126 -0.031
(0.037) (0.017) (0.016) (0.010)
. 0.301 0.113 0.151 0.088
Suspensions
(0.033) (0.015) (0.014) (0.009)
: 0.319 0.128 0.158 0.094
Future Suspensions
(0.033) (0.015) (0.014) (0.009)
Contemporaneous 0.391 0.106 0.096 0.038
log(Absences+1) (0.037) (0.017) (0.016) (0.010)
Future 0.253 0.051 0.012 0.036
log(Absences+1) (0.032) (0.015) (0.014) (0.009)

Notes: This table reports estimates of relationships between crime outcomes and middle school teacher
cognitive and non-cognitive value-added. Estimates come from regressions of a crime indicator on pos-
terior mean predictions of teacher value-added (Equation (1.8)). Coefficients are multiplied by 100.
Value-added measures are standardized so that the reported estimates can be interpreted as the impact
of a one-standard deviation change in value-added on the likelihood of committing a criminal offense by
age 20, in percentage points. Column (1) reports the teacher impacts on any criminal charges, Column
(2) reports the impacts on felony charges, Column (3) on any convictions, and Column (4) on felony
convictions. Standard errors are reported in parentheses and are clustered at the teacher level.
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Chapter 2

Can Racial Gaps in Offending Be
Explained?

2.1 Introduction

Racial disparities in the United States criminal justice system are large and have grown
substantially in the past 50 years. Between 1970 and 2000, while the fraction of white men
who were incarcerated remained roughly constant at about 1%, the fraction of black men
in jail or prison grew from 3% to 8% (Raphael, 2006). This gap is particularly large for
young men without a high school degree — 40% of black male dropouts under age 30 were
incarcerated at the turn of the century, quadruple the fraction of their white counterparts
(Western and Pettit, 2002).

Explanations of these massive differences in crime outcomes across races have been stud-
ied extensively, often to investigate if these gaps are attributable to differences in black and
white populations that affect relative criminal propensities, or if these differences are due to
discrimination in the criminal justice system. Many environmental factors have been shown
to affect the magnitude of the crime gap, including local levels of segregation (Shihadeh
and Flynn, 1996) and inequality (Harer and Steffensmeier, 1992), “white-flight” (Liska and
Bellair, 1995), and educational attainment (Lochner and Moretti, 2004). Past studies have
also documented differential treatment of blacks and whites at various stages of the criminal
justice process, including when police use force (Fryer, forthcoming), when booking juvenile
offenders (Raphael and Rozo, 2019), and when making bail decisions (Arnold, Dobbie, and
Yang, 2018).

We present new evidence on the black-white gap in crime by considering the explanatory
power of another factor: cognitive skill. Large gaps in academic achievement measures
between black and white students evolve at very early ages and remain present throughout
early years of schooling (Jencks and Phillips, 1998; Fryer and Levitt, 2006). This “skill-
gap” has been shown to explain a substantial fraction of racial differences in other long-run
outcomes including wages, employment, and health (Neal and Johnson, 1996; Fryer, 2011).
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Average differences in black and white achievement may also influence differences in crime
rates across races. Moreover, if cognitive skills are rewarded differently for black and white
students, returns to skills could impact their relative rates of offending.

Fryer (2011) provides, to our knowledge, the first direct evidence that differences in ed-
ucational achievement between blacks and whites can partially explain the large differences
in incarceration rates using the National Longitudinal Survey of Youth 1997 (NLSY97). We
extend Fryer’s analysis using administrative records. We utilize a new dataset linking North
Carolina public school student records to all future court records in the state. This linkage
provides detailed information about the student’s home and educational environment, aca-
demic ability at early ages using test scores, and all future criminal charges and convictions
that occur in early adulthood.

We begin our analysis by following Neal and Johnson (1996), who explore the role of pre-
market factors in explaining the black-white wage gap. Our rich data allow us to explore how
observable differences across black and white populations in many characteristics, including
differences in socio-economic status, schools, neighborhoods, and educational achievement,
can explain the differences in black-white offending rates. We primarily focus on the ex-
planatory power of test scores. We also explore the relevance of educational achievement in
explaining racial crime gaps for subpopulations that are at greater risk, namely boys and
students from economically disadvantaged backgrounds. We focus on the extensive mar-
gin, specifically differences in black and white students’ rates of engagement in any criminal
activity in early adulthood.

Next, to fully characterize the explanatory power of achievement on differences in of-
fending rates, we perform a Blinder-Oaxaca (Blinder, 1973; Oaxaca, 1973) decomposition of
the crime gap. This analysis quantifies how much of the gap in offending can be explained
by (1) differences in environment for black and white students, (2) differences in average
achievement levels between black and white students, and (3) differences in returns to skill
by race.

Our analysis reveals three sets of findings. First, we find that variation in test scores
explains a significant fraction of the differences in black and white crime rates, even after
controlling for a rich set of other covariates. We find that test scores prior to high school
can explain between a quarter to a half of the black-white gap in charge rates for any
criminal offense by the age of 20. Moreover, the residual gap in overall offending rates
becomes statistically insignificant after controlling for test scores (in addition to our other
characteristics). This pattern appears to be driven by test scores explaining differences in
charge rates for less severe offenses, which constitute the vast majority of our sample. While
test scores still account for a substantial fraction of the differences in black and white felony
offending rates, controlling for them does not eliminate this residual gap.

Second, we document substantial differences between black and white students’ returns to
skill. Black students experience a much greater return to test scores through crime reduction
than white students. These differential returns explain a substantial fraction — between 10%
and 20% — of the raw crime gap. This is especially true for more severe offenses — when we
focus on the black-white gap in felony offending rates, we find that differences in returns to
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test scores account for nearly the same fraction of the raw gap as the differences in average
test scores.

Third, we find significant heterogeneity in the explanatory power test scores on the crime
gap, mainly by socio-economic status. Test scores are particularly powerful in explaining
differences in overall charge rates of black and white students from economically disadvan-
taged backgrounds — they explain over 2/3 of the raw gap in this subpopulation, with a
large fraction (30%) being attributable to differential returns to skill. Test scores are able
to explain less of the gap in felony offending rates for this population, although differential
returns account for a larger fraction of the gap than differences in average test scores. On
the other hand, when restricting to students from non-disadvantaged backgrounds, black
students are less likely to be charged with any offense at an early age than their white coun-
terparts (although black students are more likely to commit felonies), conntrolling for test
scores widens this crime gap.

We conclude our analysis by discussing several possible explanations for these empirical
facts. We preview several possible theories for how differences in test score levels and returns
across races affect the crime gap, focusing primarily how cognitive skill may incentivize one’s
decision to engage in criminal activity as opposed to legal employment (Freeman, 1999), and
how these incentives may vary by group. We emphasize that while the these empirical facts
are interesting, this study is not causal, and testing our theories is beyond the scope of this
research. We hope to expand this analysis in future work.

The rest of the paper is as follows. Section 2.2 provides institutional context and sum-
marizes our data. Section 2.3 provides descriptive evidence of the explanatory power of
test scores, both through levels and returns, on the black-white crime gap, and Section 2.4
formally decomposes the gap. Section 2.5 discusses possible explanations of our results and
concludes.

2.2 Data

We conduct our analysis using a unique dataset that merges public school administrative
education records in North Carolina with all criminal charge and conviction records in the
state. The education records were provided by the North Carolina Education Research Data
Center and include detailed records of all public school students, including demographic
information, attendance records, coarse address information, and test scores. In North Car-
olina, all students in grades 3 though 8 take standardized math and reading tests at the end
of the year.

We then linked these education records to two sets of criminal records: charges and
convictions. Our charge records come form the North Carolina District and Superior Courts,
and comprise all formal charges for any misdemeanor or felony offense occurring in the state
between 2005 and 2015. We also have sentencing records provided by the Department of
Public Safety for all convictions since between 1970 and 2015 that required a period of
mandatory supervision as part of the sentence (either probation or incarceration). For the
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majority of this paper, however, we will use the charges data, as the patterns we see in the
convictions data very closely follow the patterns from the felony charges.

We restrict our charges sample to all North Carolina public school students born between
1989 and 1995, as these students’ criminal charge history between ages 16 and 20 would
appear in our data.! When focusing on convictions, we expand the sample to include all
individuals born no later than 1995 that attend North Carolina public schools after the
1992-1993 school year. We further restrict our sample to only black and white students to
focus solely the black-white gap in offending rates by age 20.

Column (1) in Table 2.1 describes our sample used to analyze criminal charges. (The
sample used to analyze our conviction records can be found the appendix.) About one
third of our sample is black and two thirds are white. We see the majority of our students
come from economically disadvantaged backgrounds, and about half of parents report ever
attending college.

Columns (2) and (3) summarize our samples for blacks and whites separately. These
samples of students are very observably different. Over 80% of the black students in our
sample are from economically disadvantaged backgrounds and are less likely to graduate high
school. On average, black students score about three quarters of a standard deviation below
whites, and this gap is persistent and roughly constant across all grades that we observe.
The magnitude of the test score gap and its evolution over grades is consistent with work
by Fryer and Levitt (2006, 2013), who show that these test score gaps emerge and evolve in
even earlier grades, and then persist in later adolescence.

The final three columns describe our population of offenders, or anyone who was charged
with an offense between ages 16 and 20. The sample is heavily negatively selected - these
offenders are much more likely to be from disadvantaged backgrounds, are less likely to have
parents who attended college, and have worse test scores than the general population by
about a quarter of a standard deviation. A much larger fraction of this population is black
than in the general population. In the appendix, we see these patterns are exacerbated for
more serious offenses.

2.3 Observed Relationship Between Test Scores and
Crime

Observed Correlations

We begin with the raw correlations between test scores and crime rates, and show how their
observed correlations vary by race. Figure 2.1 displays binned scatter plots of test scores and
crime rates by age 20. These figures were made by splitting black and white students into
vingtiles of their race’s respective test score distributions, and these graphs plot the average

LAll adolescents that are at least 15 years of age are charged as adults. For this analysis, the minimum
offending age will be age 16, since in practice, very few 15-year-olds are charged.
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offending rate and test score in each vingtile. This figure shows four of these binscatters,
plotting average rates of initial criminal charges before age 20 vs third and eighth grade
math and reading scores.

Three patterns emerge from these binned scatter plots. First is the general, approximately
linear relationships that exist across all races and for all test scores. The grade 8 test score
graphs are steeper than those for grade 3; as the scores are normalized across years to have
standard deviation 1, this means that the variation in test scores in grade 8 explains a greater
portion of the variation in crime rates. This pattern is consistent with a measurement error
story, in which later tests are more accurate measures of achievement (Bond and Lang, 2018).
We see this pattern holds for both reading and math test scores.?

Second is how the offending rates between black and white students compare throughout
the test score distribution. We see that black students are charged more frequently than
white for all students who score less than half a standard deviation above the mean, or
approximately the 75th percentile of the overall test score distribution. Above this threshold,
we see no substantial difference between charge rates of white and blacks - if anything, black
students with high test scores are charged less frequently than whites.

Third, the crime-test score gradients are substantially different for black and white stu-
dents. Black students experience a higher return to test scores in the form of reduced crime.
This result is in contrast black-white gaps in other long-run outcomes. Returns to skill in
the form of wages are very similar for blacks and whites (Neal and Johnson, 1996).

Figure 2.2 further parses these relationships to highlight the explanatory power of test
scores for different types of crimes, namely misdemeanor charges, felony charges, and con-
victions. We see similar patterns for all types of crimes. Notably, blacks experience even
stronger relative returns to higher test scores for more serious crimes. In the appendix, we
also look at differences in returns to test scores for different classifications of crimes, namely
drug crimes, assaults, and property crimes (e.g. larceny). We see a similar pattern, where
black students experience greater returns to skill more serious offenses.?

Figure 2.3 highlights the importance of the socio-economic status of the student. We plot
binned scatter plots for misdemeanors and felonies for both economically disadvantaged and
non-disadvantaged kids. For non-disadvantaged students, black students are less likely to be
charged with lesser crimes than their white counterparts, and there is no sizable difference
in returns to skill across races for these offenses. However, we still see higher rates of felony
charges for this population, and greater returns to test scores. For students from worse
economic backgrounds, black students are charged more frequently and experience greater
returns for both misdemeanors and felonies. The black-white difference in returns to skill for
felony rates is particularly large for economically disadvantaged students. We display similar
binscatters with test scores and crime outcomes for other subgroups in the appendix. The

2The other figures presented in this chapter only show the relationship between crime and math scores, but
very similar patterns exist between crime and reading scores.

30ver 90% of the property crimes in our data are felonies, and over 90% of the drug crimes are misdemeanors.
The overwhelming majority of assaults are also misdemeanors, but convictions for assault often carry strong
consequences, requiring either probation or incarceration as part of the sentence.
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relative rates of offending and differences in returns to skill are even larger for economically
disadvantaged boys.

These binned scatter plots highlight the main patterns we find in this paper: test scores
can partially explain the differences in the offending rates of blacks and whites, and the
returns to test scores are larger for black students, particularly when considering serious
offenses of students from economically disadvantaged backgrounds. However, test scores are
related to (and influenced by) a multitude of other factors, and these relationships between
criminal behavior and test scores may reflect how other characteristics of the student affect
crime. Using our other rich demographic information, we will now further investigate the
explanatory power of cognitive skill.

The Residual Black-White Crime Gap

We first test how much of the black-white gap in offending as young adults can be accounted
for by test scores and other characteristics. We consider the following linear probability
model:

Y; = a+9Black; + X/ + S;I' + ¢ (2.1)

here, Y; is a binary variable indicating if ¢ committed a given criminal offense between the
ages of 16 and 20, X, are standardized test scores from 3rd to 8th grade, and S; is a set
of controls that can include demographic information about the student and their family
(namely gender of the student, maximum parental level of education, and whether or not
the student is enrolled in special education or is economically disadvantaged), cohort fixed
effects, school fixed effects, and census tract fixed effects.

Table 2.2 describes the results of this regression with varying sets of controls. In Column
(1), we display the naive gap, finding that black students are 8.8 percentage points more
likely to be charged with a crime by age 20 whites, or about 40% of the average offending
rate. However, once we control for all test scores between grades 3 through 8 in Column (2),
we see that this gap shrinks by over 50%. In the appendix, we show that simply controlling
for the most recent test scores has a similar if not greater impact on closing the black-white
crime gap, suggesting that the most recent grades are the most relevant for explaining crime
differences. In any case, we find that differences in these skills explain a large fraction of the
gap.

We also use our rich set of controls to see how our test score explanation compares
to the other observable characteristics in regards to explanation of the gap. Columns (3)
through (5) are add progressively finer controls. Controlling for school and cohort reduces
the residual gap by about 20%, and controlling for census tract in Column (4), reduces the
gap by another 40%. After controlling for student and family characteristics in Column
(5), the residual gap is statistically insignificant. Differences in observable characteristics
between blacks and whites can explain the entire differences in offending rates by race.

While variation in test scores can explain a significant portion of the black-white gap in
offending, it is possible that this could just be because test scores are highly correlated with
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some of our other controls (Gelbach, 2016). By first controlling for other characteristics and
then adding test scores, we avoid attributing the explanatory power of test scores to other
correlated explanatory variables (Fortin, Lemieux, and Firpo, 2011; Altonji, Bharadwaj,
and Lange, 2012). Column (6) reports estimates of v when including all controls except
test scores.We see without controlling for test scores, the residual offending gap is about 2
percentage points, indicating that test scores explain at minimum about a quarter of the

gap.

The Importance of Differential Returns to Achievement

In the previous sections, we have only considered a common returns to test scores across
races. However, in our binned scatter plots, blacks experience a larger return to achievement,
particularly for more severe crimes. Table 2.3 explores the relevance of this for all of our
charge outcomes, and reports estimates of v from Equation (2.1) when also controlling for an
interaction between the test score and a black dummy variable. This allows for differential
returns to skill across races.

We find that controlling for differential returns further explains the residual gap for
felonies. Column (9) reports the residual gap after allowing for differential returns to skill.
Adding returns closes about a third of the residual gap that existed when only allowing
for a uniform return to skill for both blacks and whites. For the gap in any offending and
less severe offending, we actually find that adding returns to skill (Columns (3) and (6),
respectively) overaccounts for the racial gap in criminal activity, and that the differences in
returns to test scores for blacks and white students are significantly different for all crime
outcomes.

Robustness Checks

In the appendix, we compare our findings to national survey data. Similar to Fryer (2011), we
use the National Longitudinal Sample of Youth 1997 (NLSY97), a nationally representative
sample of individuals born in years 1980-1984, or about a decade before the students in our
North Carolina sample. The test scores and crime outcomes are not perfectly comparable
to our administrative records,* but we find similar patterns. The gaps in offending are com-
parable, and inclusion of test scores makes any residual differences in offending statistically
insignificant, although these survey estimates of the gap are imprecise.

Additionally, we address the role of educational attainment, an important factor that
may impact racial gaps in long-run outcomes. In our main specifications, we follow Neal and
Johnson (1996) and do not control for the quantity of schooling, as the choice to obtain more

4The NLSY97 reports percentiles a weighted average of math and verbal scores from the Armed Services
Vocational Aptitude Battery (ASVAB) test, similar to the Armed Forces Qualification Test (AFQT) score
used by the department of defense. The crime outcomes are any arrests, which are comparable to our “any
charges” outcome, and “any incarceration spells”, which is more severe than any of our criminal outcomes.
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education is endogenous. Lang and Manove (2011) show that if there is statistical discrim-
ination in the labor market that mediated through educational attainment, then failing to
control for schooling may overstate the test scores’ ability to explain racial gaps. Similarly,
if this labor market discrimination makes work more costly and crime more valuable for
blacks, we may be overestimating how skill differences contribute to the black-white crime
gap. Additionally, educational attainment may directly impact students’ criminal behavior
via incapacitation, as attending school limits students’ ability to engage in criminal activity
(Jacob and Lefgren, 2003).

In the Appendix Table 2.12, we control for maximum education attained, when we control
for maximum level of educational achievement our main results remain unchanged. We find
that after controlling for all observables, including educational attainment, there is still
a statistically significant residual gap in offending rates of about 1 percentage point, or
approximately 15% of the raw gap. Additionally, while controlling for test scores has less
explanatory power when also controlling for schooling, we still find that they account for
about 15-20% of the raw gap. Even when controlling for schooling attainment, we find that
differences in skills helps explain the differences in black and white offending rates.

Heterogeneity

We compare these results for students from disadvantaged and non-disadvantaged back-
grounds in Tables 2.4 and 2.5, respectively. For students from worse economic backgrounds,
we find the same patterns as we see in the general population; if anything, differences in
test scores explain a larger portion of the racial disparities here than they do on average.
Column (2) of Table 2.4 shows that for poorer students, test score differences accounts for
approximately half of the residual gap in black and white offending, after controlling for
other characteristics. Moreover, after accounting for differences in returns to skill by race in
Column 3, we are able to explain another half of the remaining gap. We see similar patterns
for the importance of test scores for both misdemeanors and felonies.

However, in contrast to the other subgroups of interest, we find that non-disadvantaged
black students are less likely to offend than their white counterparts, and that after con-
trolling for test scores, this gap more than doubles in magnitude. This result is driven
by differences in misdemeanor charge rates. We still see black students from better back-
grounds commit a greater number of felonies, but after controlling for test scores, we can
explain about 95% of the black-white gap in more severe offending for this subpopulation.

In appendix, we also look at if test scores have different explanatory power for different
types of criminal offenses or if the relationship varies by gender. (Similar to the patterns
depicted in the binned scatter plots, the results when using assault and property crime
charges are very similar to the results when restricting to felony offenses, and the results for
drug offenses are similar to the results for misdemeanors. However, observable characteristics
other than test scores already explain the entire raw black-white gap in drug offenses.) We
also focus on the gap in offending for men and women separately, and find that test scores
are able to explain black-white offending gaps for both genders.
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2.4 Decomposition of the Race Gap Using Test Scores

Estimation

To understand the extent to which our observables explain the black-white gap in criminal
involvement, we conduct the following Oaxaca-Blinder (Blinder, 1973; Oaxaca, 1973) decom-
position. We use the following econometric model that is estimated separately for blacks
and whites:

Y; = oy + XiBywy + SiU +mi, g(i) € {B,W} (2.2)

Here g represents the race of individual 7. X; and S; are the same vectors of characteristics
used in Equation (2.1). Importantly, this model does not allow for our demographics to
vary in impact by race. Additionally, as we saw before, all of our controls in S are binary,
meaning that by keeping the dependence of Y constant for all races, we are controlling for
average offending rates for given demographic cells, and we are estimating the effects of test
scores on the black-white crime gap within demographic groups.

Following Oaxaca (1973) and Blinder (1973), we can use (2.2) to decompose the observed
raw gap, or average differences in offending across races, as follows:

Yo — Vi = (Xp — Xw)'Bw + Xp(Bp — Bw) + W — W) T +dp—aw  (23)
Levels Cg;nponcnt Returnsgmponent Diﬁorcncc;rin controls Residual

Our assumption for uniform effects of S on crime for blacks and whites permits us to
decompose the raw black-white gap in offending into four terms.® First, is a levels component
in test scores. This term captures the portion of the gap explained by differences in average
test scores between blacks and whites. This term reflects Neal and Johnson’s (1996) “skill
gap”. Second is the differences in returns to crime from test scores across populations.
This term captures how higher achievement is rewarded differentially by race, interpreted
as a measure of discrimination by skill. The third component quantifies the contribution of
average differences in non-test score characteristics S between blacks and whites to the crime
gaps. Our final remaining term, the residual, can be interpreted as the difference offending
rates for blacks and whites with average test scores, conditional on S.

Results

Table 2.6 displays our estimates of the breakdown from Equation (2.3) for several different
outcomes (any charge, any misdemeanor charge, and any felony charge by age 20) and several
different test scores (all tests, only grade 8 math and reading, and only grade 3 math and

5Under a more flexible model with I" varying by race, we would not be able to separately identify the returns
components from the residual gap (Jones, 1983; Oaxaca and Ransom, 1999).
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reading). Unlike previous specifications, we restrict our sample to individuals with the given
set of test scores.%

Columns (1) decomposes the black-white gap in overall offending rates at age 20 using
all observed math and reading test scores in grades 3 through 8. Similar shown in Table 2.3,
our observables can explain the entire raw gap in offending (in fact, we are over-explaining
it). This breakdown reveals that approximately half of the raw gap can be explained by dif-
ferences in test scores of the two populations. The other half can be explained by differences
in the other observable characteristics of the students, including schools, neighborhoods,
demographics, and family characteristics.

Columns (2) and (3) perform the same decomposition of the overall crime gap using only
test scores from grades 8 and 3, respectively. The earliest observed test scores explain a
smaller fraction of the raw gap — the level differences in third grade scores account for nearly
one fifth of the raw gap, and returns component accounts for another tenth. However, when
we use our most recent tests in grade 8, we find that test score levels and returns are able
to explain about the same fraction of the gap, if not more, than when we use all tests. The
increased explanatory power of later test scores is not due to a divergence in average test
scores between blacks and whites over time, for the black-white test score gap stays roughly
constant between grades 3 and 8 (as seen in Table 2.1).

This importance of the age at the test could be explained by a model of test scores noisily
predicting ability, with less measurement error for more recent tests (Bond and Lang, 2018).7
In Appendix Tables 2.16 and 2.17, we further explore the relationship between test scores at
different ages and the black-white crime gap — we see the explanatory power of test scores
for this crime gap are monotonically increasing with the grade at which the students take
the test, which is consistent with this model.

Columns (4)-(6) displays the same breakdowns in the black-white crime gap for first-time
misdemeanor charges by age 20. We see very similar patterns and scopes of explanatory
power of test scores for these lesser offenses as we do when considering all offenses.® How-
ever, when we focus on our sample of felony offenders, the explanatory power of test scores
changes substantially. Columns (7)-(9) display similar decompositions for felony charges.
Contrary to offenders of lesser offenses, there is a sizable residual gap between blacks and
whites that cannot be explained with our data — between 15% and 25% of the felony gap
remains unexplained. We can still account for at least 40% of the raw gap with non-test
score observables, which is similar to explanatory power of lesser offenses. However, the

6When estimating Equation (2.1), we assume all S and X are missing at random, added dummy variables
for missing observations, and imputed the means for any missing values. We did the same thing here for .S
when estimating Equation (2.2).

" Another possibility is that the variance in actual achievement is growing over time, so our normalization is
masking greater variation in test scores that explains the crime cap (Cascio and Staiger, 2012). However,
if growing variation in test scores were driving this increase in explanatory power, we would expect to see
a greater correlation in test scores between adjacent grades for higher grades vs lower grades. We see no
evidence of such a pattern in our data.

8This is to be expected, since these populations are almost exactly the same. 95% of our first-time offenders
have been charged with a misdemeanor.
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explanatory power of the levels in test scores decreases to about 20% of the raw gap. The
returns to test scores are a relatively larger factor in the explanatory power of test scores
of the gap. When only using grade 8 test scores, about 40% of the gap explained by test
scores, but nearly half of this fraction is due to differences in returns to skill for black and
white students.

In addition to heterogeneity in types of crime and age of test, we see large differences
by socioeconomic status. Table 2.7 decomposes the gaps in offending for all charges, mis-
demeanor charges, and felony charges for students from economically disadvantaged and
non-disadvantaged households. For both subpopulations, there is a dramatic decrease in
the explanatory power of our controls relative to the decompositions from Table 2.6, since
economic status explains a large portion of the differences across races in offending rates.

Columns (2), (4), and (6) show the decomposition for students from better economic
backgrounds. As seen in Table 2.5, non-disadvantaged black students are less likely to
offend than their white counterparts. However, test scores of disadvantaged white students
are higher than those of disadvantaged blacks students, meaning that the test score gap
widens the residual gap in offending rate. When only considering students from economically
disadvantaged backgrounds (columns (1), (3), and (5)), test scores explain a substantial
portion of the offending gap — about 70% of the gap in misdemeanor charges and about
40% of the gap in felony charges. Moreover, for this population, we see that differential
returns to test scores by race now explain a greater portion of the gap. In fact, for felonies,
the differences in returns to test scores account for a greater fraction of the gap than the
differences in levels.

In the appendix, we also show the decomposition of the black-white gap in convictions
(Table 2.18) — similar to our previous analyses, the conviction results look very similar to
the results for the felony gap. We also try restricting the sample to men (Tables 2.19 and
2.20) and observe similar explanatory power for test scores. We also test the explanatory
power of just one set of test scores, specifically grade 8 math scores 2.21), and find that just
using these scores explain about the same fraction of the raw offending gap.

2.5 Discussion and Conclusion

Similar to Neal and Johnson’s (1996) findings on how test scores explain differences in
earnings for blacks and whites, we find that differences in average scores for black and white
students explain a substantial fraction of the difference in early offending rates for blacks
and whites. This “skill gap” explains large fractions of black-white gaps in many long-run
outcomes. This gap seems particularly relevant for the 1980s stagnation in the closing of the
black-white wage gap, given the steep increases in returns to skill in the labor market over
this period (O’Neill, 1990; Bound and Freeman, 1992).

With the strong caveat that our results are not causal, our findings suggest the possibility
that the skill gap’s impact on labor market outcomes for blacks and whites extends to
differences in crime rates by race. Crime rates rose considerably in the 1980s and 1990s,
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concurrently with the rise in returns to skill (Western and Pettit, 2002; Raphael, 2006).
Some of this rise may be due to lowered returns to formal employment. If workers are
choosing between legal employment and criminal activity, then lower skilled individuals will
find crime more valuable, particularly if the returns to skill in the latter are rising (Freeman,
1999). In this case, differences in average achievement for young black and white students
may differentially incentivize the average black and white students’ criminal propensity.

There are two empirical facts that complicate the above story about the relationship
between cognitive skill and the black-white crime gap. First, while test scores help explain
the overall residual crime gap, they explain a lower fraction of the differences in felony
offending rates for blacks and whites. Again, this pattern is exacerbated when looking at
students from worse economic backgrounds, who we would expect to be at greater risk
for patterns. More serious offenses are likely to be a more natural substitute for formal
employment,? suggesting that there is more to this story.

Second, average differences in test scores are not the only source of test scores’ predictive
power of the crime gap. The returns to higher test scores are significantly higher for black
students, which accounts for a substantial portion of the gap, particularly for more serious
offenses. Again, this is not causal, but suggests the differential treatment of blacks and
whites in regards to skill. This discrimination could appear in two ways: indirectly through
alternatives to crime such as legal employment, or directly through law enforcement.

In the indirect mechanism, if there were higher returns to skill in the formal labor market
for black workers, then we would also expect the crime test score gradient to also be steeper
for black students (Freeman, 1999). There is weak evidence of differential returns to skill
to wages by race for employed workers (Neal and Johnson, 1996) (although if anything, the
returns are higher for black students (Neal, 2006), which would be consistent with this story).
However, differential returns to skill could still be relevant on the extensive margin, where
individuals decide to enter the labor market or engage in criminal activity. In the direct
law enforcement mechanism, a more salient factor than test scores would likely need to be
present, as cognitive skill is not directly observable.

As mentioned earlier, we emphasize that our estimates are not causal. The differences in
levels of test scores themselves may reflect discrimination. The test scores we use could be
racially biased (Jencks and Phillips, 1998) or black students may invest less in developing
skills if they anticipate discrimination in the labor market (Lang and Manove, 2011). Like-
wise, the differences in returns to test scores may reflect differences in other factors related
to test scores that affect black and white students differently. We plan to test our theories
and these alternative explanations in future work.

2.6 Figures

9This seems especially true for North Carolina. Two major substitutes to legal income, drug sales and property
crimes, are nearly always felonies. With the exception of smaller sales of certain drugs, the majority of drug
sales are felony charges. Larceny worth over $1000 is always a felony.
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Figure 2.1: Relationships Between Test Scores and Criminal Charge Rates by Race
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Notes: These figures display binned scatter plots of criminal charge rates by test score for each race.
These figures were made by splitting black and white students into vingtiles of their race’s respective test
score distributions. Each point displays the average offending rate against the average test score within
in each race-vingtile. The lines represent the bivariate relationship between charges and test scores for
each race. We plot (i) criminal charge rates versus grade 3 math scores, (ii) criminal charge rates versus
grade 8 math scores, (iii) criminal charge rates versus grade 3 reading scores, and (iv) criminal charge
rates versus grade 8 reading scores. For our crime outcome, we focus on whether or not the student was
charged with any offense between the ages of 16 and 20.
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Figure 2.2: Relationships Between Test Scores and Crime by Crime Severity and Race
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Notes: These figures display binned scatter plots of crime rates of different crime severities against
grade 8 math scores for each race. These figures were made by splitting black and white students into
vingtiles of their race’s respective test score distributions. Each point displays the average offending rate
against the average test score within in each race-vingtile. The lines represent the bivariate relationship
between charges and test scores for each race. The crime rates plotted here are (i) misdemeanor charge
rates between ages 16 and 20, (ii) felony charge rates between ages 16 and 20, and (iii) conviction rates
between ages 16 and 20.
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Figure 2.3: Relationships Between Test Scores and Criminal Charge Rates by Race and
Socio-Economic Status
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Notes: These figures display binned scatter plots of crime rates of different crime severities against grade 8
math scores for each race. These plots were made separately for students from economically disadvantaged
and non-disadvantaged backgrounds. These figures were made by splitting black and white students into
vingtiles of their race’s respective test score distributions. Each point displays the average offending rate
against the average test score within in each race-vingtile. The lines represent the bivariate relationship
between charges and test scores for each race.
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2.7 Tables
Table 2.1: Summary Statistics
Full Sample All Offenders

(1) (2) (3) (4) (5) (6)

All Black  White All Black  White
Male 0.513  0.509 0516  0.642 0.635 0.647
Black 0.337 1 0 0.418 1 0
White 0.663 0 1 0.582 0 1

Economically Disadvantaged 0.518  0.830  0.360  0.638 0.908  0.444

Special Ed 0.138 0.167 0.124 0.168 0.211  0.137
Parents Attended College 0.529  0.393  0.597 0441 0.317  0.530
Graduated HS 0.737  0.692 0.760  0.577 0.524 0.616
Grade 3 Math 0.0258 -0.528  0.297 -0.190 -0.680 0.160
Grade 3 Read 0.0407 -0.452  0.282 -0.208 -0.653 0.107
Grade 8 Math 0.0995 -0.424 0.362 -0.199 -0.655 0.117
Grade 8 Read 0.0935 -0.428 0.354 -0.202 -0.674 0.124
Charged by Age 20 0.216  0.268  0.189

Observations 803051 270326 532725 173241 72363 100878

Notes: This table displays descriptive statistics for black and white North Carolina public school students
that were matched to criminal charge records. We selected our sample by restricting students who
attended a public school between grades 3 and 8 and were born between 1989 and 1995. Column (1)
represents the mean demographics of all students in this sample. Columns (2) and (3) provide the means
of the black and white students in our sample, respectively. Column (4) reports the mean characteristics
of anyone charged between ages 16 and 20, and Columns (5) and (6) provide the mean characteristics
of black and white offenders, respectively. For economically disadvantaged status, special education
enrollment, parents’ college attendance status, and student’s graduation status, we report the fraction of
students that ever fell in said categories.
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Table 2.2: The Residual Black-White Crime Gap in All Charges

(1) (2) (3) (4) (5) (6)

Black 0.0783***  0.0266*** 0.0195** 0.0118** 0.0000805 0.0203***

(0.00101) (0.00105) (0.00120) (0.00127) (0.00130) (0.00128)
Test score controls v v v v
Cohort FEs v v v v
School FEs v v v v
Census Tract FEs v v v
Family characteristics v v
White Offending Rate 0.189 0.189 0.189 0.189 0.189 0.189
Black Offending Rate 0.268 0.268 0.268 0.268 0.268 0.268
Test scores F-stat 1694.6 1442.4 1366.9 758.3
R2 0.00810 0.0516 0.0687 0.0749 0.0943 0.0839
Total parameters 2 26 2233 5613 5625 5613
N 803051 803051 803051 803051 803051 803051

Notes: This table reports estimates of v in Equation (2.1). The dependent variable is a binary variable
indicating if the student was charged with any offense between the ages of 16 and 20. The test scores
used here are all observed math and reading scores from grades 3 through 8. The schools used for the
school fixed effects were the location that the most recent test was taken (usually grade 8). Census tract
fixed effects were used for the tract that corresponded to the student’s first observed bus stop. The family
characteristics include the student’s gender, the parents’ highest level of education, and if the student ever
received special education services or was reported to be economically disadvantaged. For each regressor,
we included an additional binary variable control indicating if said value was missing, and then imputed
means for the missing values. Robust standard errors are reported in parentheses.

*p <0.05, ** p<0.01, *** p <0.001
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Table 2.3: Residual Black-White Crime Gaps
Any Charge Misdemeanor Charge Felony Charge
0 2 () @ ) © @ ®) ©
Black 0.0203***  0.0000805 -0.00625*** 0.0171**  -0.00215 -0.00822***  (0.0228**  0.0150***  0.0112***
(0.00128)  (0.00130)  (0.00133)  (0.00127) (0.00129)  (0.00132)  (0.000706) (0.000720) (0.000735)
Test score controls v v v v v v
Test scores x Black v v v
Cohort FEs v v v v v v v v v
School FEs v v v v v v v v v
Census Tract FEs v v v v v v v v v
Family characteristics v v v v v v v v v
White Offending Rate 0.189 0.189 0.189 0.185 0.185 0.185 0.0358 0.0358 0.0358
Black Offending Rate 0.268 0.268 0.268 0.257 0.257 0.257 0.0899 0.0899 0.0899
Test scores F-stat 758.3 411.0 705.6 384.6 370.6 122.9
R2 0.0839 0.0943 0.0953 0.0794 0.0891 0.0901 0.0749 0.0800 0.0820
Total parameters 5612 5624 5636 5612 5624 5636 5612 5624 5636
N 803051 803051 803051 803051 803051 803051 803051 803051 803051

Notes: This table reports estimates of v in Equation (2.1). The crime outcomes used in these regressions
were binary variables indicating if the student was charged with any offense (Columns (1)-(3)), any
misdemeanor offense (Columns (4)-(6)), and any felony offense (Columns (7)-(9)) between the ages of 16
and 20. The test score variables used here include all observed math and reading scores from grades 3
through 8. Columns (3), (6), and (9) also include interactions of these test scores with the black dummy
as controls. The other controls used here are the same as those in the estimates from Table 2.2. Robust
standard errors are reported in parentheses.

* p<0.05 " p<0.01, ™ p <0.001

Table 2.4: Residual Black-White Crime Gaps for Economically Disadvantaged Students

Any Charge Misdemeanor Charge Felony Charge
(1) (2) (3) (4) (5) (6) (7) (8) 9)
Black 0.0395**  0.0200***  0.0119***  0.0358***  0.0173** 0.00954™** 0.0291***  0.0204™*  0.0151***
(0.00182) (0.00186) (0.00193) (0.00181) (0.00184) (0.00192) (0.00114) (0.00116) (0.00121)
Test score controls v v v v v v
Test scores x Black v v v
Cohort FEs v v v v v v v v v
School FEs v v v v v v v v v
Census Tract FEs v v v v v v v v v
Family characteristics v v v v v v v v v
White Offending Rate 0.239 0.239 0.239 0.231 0.231 0.231 0.0602 0.0602 0.0602
Black Offending Rate 0.302 0.302 0.302 0.290 0.290 0.290 0.105 0.105 0.105
Test scores F-stat 405.8 159.9 379.3 150.9 209.0 52.62
R2 0.0891 0.100 0.101 0.0845 0.0951 0.0957 0.0856 0.0915 0.0926
Total parameters 4224 4236 4248 4224 4236 4248 4224 4236 4248
N 393709 393709 393709 393709 393709 393709 393709 393709 393709

Notes: This table reports estimates of v in Equation (2.1), restricting our sample to economically dis-
advantaged students. The crime outcomes used in these regressions were binary variables indicating if
the student was charged with any offense (Columns (1)-(3)), any misdemeanor offense (Columns (4)-(6)),
and any felony offense (Columns (7)-(9)) between the ages of 16 and 20. The test score variables used
here include all observed math and reading scores from grades 3 through 8. Columns (3), (6), and (9)
also include interactions of these test scores with the black dummy as controls. The other controls used
here are the same as those in the estimates from Table 2.2. Robust standard errors are reported in
parentheses.

* p<0.05 " p<0.01, ™ p <0.001
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Table 2.5: Residual Black-White Crime Gaps for Economically Non-Disadvantaged Students

Any Charge Misdemeanor Charge Felony Charge
) 2) ) 1) (5) (6) (7) (3) (©)

Black -0.0163**  -0.0346*** -0.0347** -0.0186*** -0.0360*** -0.0364*** 0.00894**  0.00377**  0.00483***

(0.00217)  (0.00219) (0.00223) (0.00215) (0.00217) (0.00222) (0.000914) (0.000926) (0.000945)
Test score controls v v v v v v
Test scores x Black v v v
Cohort FEs v v v v v v v v v
School FEs v v v v v v v v v
Census Tract FEs v v v v v v v v v
Family characteristics v v v v v v v v v
White Offending Rate 0.168 0.168 0.168 0.165 0.165 0.165 0.0233 0.0233 0.0233
Black Offending Rate 0.150 0.150 0.150 0.144 0.144 0.144 0.0349 0.0349 0.0349
Test scores F-stat 325.1 296.4 305.0 279.5 145.9 119.5
R2 0.0538 0.0639 0.0639 0.0525 0.0620 0.0620 0.0325 0.0371 0.0373
Total parameters 4322 4334 4346 4322 4334 4346 4322 4334 4346
N 366932 366932 366932 366932 366932 366932 366932 366932 366932

Notes: This table reports estimates of v in Equation (2.1), restricting our sample to non-disadvantaged
students. The crime outcomes used in these regressions were binary variables indicating if the student
was charged with any offense (Columns (1)-(3)), any misdemeanor offense (Columns (4)-(6)), and any
felony offense (Columns (7)-(9)) between the ages of 16 and 20. The test score variables used here include
all observed math and reading scores from grades 3 through 8. Columns (3), (6), and (9) also include
interactions of these test scores with the black dummy as controls. The other controls used here are the
same as those in the estimates from Table 2.2. Robust standard errors are reported in parentheses.

* p <0.05, ** p<0.01, *** p <0.001
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2.8 Appendix: Additional Figures

Figure 2.4: Relationships Between Test Scores and Criminal Charge Rates by Race and Type
of Criminal Offense
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Notes: These figures display binned scatter plots of criminal charge rates for different crime types against
grade 8 math scores for each race. These figures were made by splitting black and white students into
vingtiles of their race’s respective test score distributions. Each point displays the average offending rate
against the average test score within in each race-vingtile. The lines represent the bivariate relationship
between charges and test scores for each race. The property crime charge rates plotted here are (i) drug
crime charge rates between ages 16 and 20, (ii) assault charge rates between ages 16 and 20, and (iii)
drug crime rates between ages 16 and 20.
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Table 2.7: Blinder-Oaxaca Decomposition of the Black-White Crime Gap by Economic Sta-
tus

Any Charge Misdemeanor Charge Felony Charge

(1) (2) (3) (4) (5) (6)
Low SES High SES Low SES High SES Low SES High SES
Levels in Test Scores 0.0216™*  0.0266™*  0.0204**  0.0256**  0.0080***  0.0067***
(0.0009)  (0.0007)  (0.0009) (0.0007)  (0.0005)  (0.0003)
[38.92] [-143.24] [40.39] [-118.33] [19.86] [55.27]
Returns in Test Scores 0.0158***  0.0017*  0.0155"*  0.0020**  0.0086*** -0.0013**
(0.0012)  (0.0008)  (0.0012) (0.0008)  (0.0007)  (0.0004)

[28.55] [-9.37] [30.71] [-9.46] [21.30] [-10.56]
Levels in Controls 0.0126*** 0.0006  0.0121* 0.0005 0.0099*** 0.0013
(0.0016)  (0.0016)  (0.0016)  (0.0016)  (0.0010)  (0.0007)
[22.79]  [-343]  [23.90]  [-2.54]  [24.52]  [10.26]
Residual 0.0054*  -0.0477**  0.0025  -0.0498*** 0.0139***  0.0055***
(0.0025)  (0.0032)  (0.0025)  (0.0032)  (0.0014)  (0.0016)
0.72]  [256.18]  [5.01]  [230.46]  [34.37]  [45.24]
Cohort FEs v v v v v v
School FEs v v v v v v
Census Tract FEs v v v v v v
Family Characteristics v v v v v v
White Offending Rate .2685 .1901 .2602 .1866 .0615 .0243
Black Offending Rate .324 1715 .3107 165 .1019 .0365
N 245531 237463 245531 237463 245531 237463

Notes: This table reports the estimates of each term of the Blinder-Oaxaca decomposition depicted in
Equation (2.3) separately by students’ socio-economic status. Estimates were made from OLS estimates
of the pooled model from Equation (2.2). Columns (1), (3), and (5) restrict our sample to economically
disadvantaged students, and Columns (2), (4), and (6) only include economically non-disadvantaged
students. Columns (1)-(2) decompose the gap in any offending by age 20, Columns (3)-(4) decompose
the gap in any misdemeanor charges, and Columns (5)-(6) decompose the gap in felony charges. We
do this decomposition using all math and reading scores from grades (3-8). Samples were restricted to
individuals with observed test scores. Each row represents a different term in the breakdown. The first
row represents the portion explained by average differences in test scores when using the white returns
to test scores. The second row illustrates the difference in returns when using average test scores of black
students test scores, the third row displays differences in S, and the fourth row displays the residual gap
for the average student. The standard errors are in parentheses were calculated applying the delta method
with robust standard error regression coefficients, assuming non-stochastic regressors (a la Oaxaca and
Ransom (1998)). Each term’s percent share of the raw black-white offending gap is reported below the
standard errors in brackets.

* p<0.05, " p<0.01, ** p <0.001
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Figure 2.5: Relationships Between Test Scores and Criminal Charge Rates by Race and
Gender

Panel A: Misdemeanors

5
L

a
‘

2
L

Any Misdemeanor Charges By Age 20
3
L

Any Misdemeanor Charges By Age 20

1
L
0
L

T T T T T T T T T T
-2 -1 0 1 2 -2 -1 0 1
Grade 8 Math Test Scores (0) Grade 8 Math Test Scores (0)

® Black @ White ® Black ® White

Males Females

Panel B: Felonies

©
8

Any Felony Charges By Age 20
Any Felony Charges By Age 20

0 0 1
Grade 8 Math Test Scores (0) Grade 8 Math Test Scores (0)

Males Females

Notes: These figures display binned scatter plots of crime rates of different crime severities against grade
8 math scores for each race. These plots were made separately for male and female students. These
figures were made by splitting black and white students into vingtiles of their race’s respective test score
distributions. Each point displays the average offending rate against the average test score within in each
race-vingtile. The lines represent the bivariate relationship between charges and test scores for each race.
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Figure 2.6: Relationships Between Test Scores and Criminal Charge Rates by Race and
Gender for Economically Disadvantaged Students
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Notes: These figures display binned scatter plots of crime rates of different crime severities against
grade 8 math scores for each race. These plots were made separately for male and female students,
and we restricted the samples used to generate these plots to students from economically disadvantaged
backgrounds. These figures were made by splitting black and white students into vingtiles of their race’s
respective test score distributions. Each point displays the average offending rate against the average
test score within in each race-vingtile. The lines represent the bivariate relationship between charges and
test scores for each race.
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Figure 2.7: Relationships Between Test Scores and Criminal Charge Rates by Race and
Gender for Economically Non-Disadvantaged Students
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Notes: These figures display binned scatter plots of crime rates of different crime severities against grade
8 math scores for each race. These plots were made separately for male and female students, and we
restricted the samples used to generate these plots to students from economically non-disadvantaged
backgrounds. These figures were made by splitting black and white students into vingtiles of their race’s
respective test score distributions. Each point displays the average offending rate against the average
test score within in each race-vingtile. The lines represent the bivariate relationship between charges and
test scores for each race.



CHAPTER 2. CAN RACIAL GAPS IN OFFENDING BE EXPLAINED? 83
2.9 Appendix: Additional Tables
Table 2.8: Summary Statistics for Students With Observed Convictions
Full Sample All Convicts
(1) (2) (3) 4)  6) (6
All Black ~ White All Black White
Male 0.514 0.509 0.517  0.804 0.810 0.798
Black 0.322 1 0 0.529 1 0
White 0.678 0 1 0.471 0 1
Economically Disadvantaged — 0.485 0.803 0.328 0.765 0.921 0.584
Special Ed 0.135 0.165 0.121  0.264 0.295 0.229
Parents Attended College 0.503 0.370 0.566 0.287 0.233 0.348
Graduated HS 0.724 0.678 0.748  0.274 0.263 0.287
Grade 3 Math 0.0272  -0.528  0.286 -0.499 -0.816 -0.134
Grade 3 Read 0.0357 -0.459  0.266 -0.560 -0.844 -0.234
Grade 8 Math 0.0495 -0.494  0.306 -0.620 -0.902 -0.317
Grade 8 Read 0.0507  -0.475  0.299  -0.652 -0.960 -0.321
Convicted by Age 20 0.0442  0.0725  0.0307
Observations 1965359 633648 1331711 86772 45918 40854

Notes: This table displays descriptive statistics for black and white North Carolina public school students
that were matched to conviction records that required mandatory supervision as part of the sentence. We
selected our sample by restricting students who attended a public school between grades 3 and 8 after the
1992-1993 school year and were born no later than 1995. Column (1) represents the mean demographics
of all students in this sample. Columns (2) and (3) provide the means of the black and white students
in our sample, respectively. Column (4) reports the mean characteristics of anyone convicted between
ages 16 and 20, and Columns (5) and (6) provide the mean characteristics of black and white offenders,

respectively. The demographic variables are the same as the variables described in Table 2.1.
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Table 2.9: The Residual Black-White Crime Gap in Charges by Age 20 Using Different
Controls and Only Grade 8 Test Scores

(1) (2) (3) (4) (5) (6)
Black 0.0795**  0.0167**  0.00945***  0.00106  -0.0113** 0.0169***
(0.00117)  (0.00125)  (0.00142)  (0.00152)  (0.00156) (0.00153)
Math test score -0.0425"*  -0.0459***  -0.0457*  -0.0443***
(0.000825)  (0.000850) (0.000854) (0.000864)
Reading test score -0.0376***  -0.0338***  -0.0334***  -0.0224***
(0.000833)  (0.000831) (0.000834) (0.000844)
Cohort FEs v v v v
School FEs v v v v
Census Tract FEs v v v
Family characteristics v v
White Offending Rate 0.210 0.210 0.210 0.210 0.210 0.210
Black Offending Rate 0.290 0.290 0.290 0.290 0.290 0.290
Test scores F-stat 8449.3 7144.7 6831.3 4004.5
R2 0.00776 0.0327 0.0519 0.0581 0.0799 0.0682
Total parameters 2 4 877 4195 4207 4205
N 633552 633552 633552 633552 633552 633552

Notes: This table reports estimates of v in Equation (2.1). The dependent variable is a binary variable
indicating if the student was charged with any offense between the ages of 16 and 20. The test scores
used here are all observed math and reading scores from grade 8 only. The other controls used here are
the same as those in the estimates from Table 2.2. Robust standard errors are reported in parentheses.
* p<0.05, " p<0.01, ** p <0.001
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Table 2.10: Magnitude of the Residual Black-White Gap in the NLSY97 for Arrests by Age
20 Using Different Controls

(1) (2) (3) (4) (5) (6)

Black 0.0500*** 0.00827 0.00856 -0.0141 0.00669 -0.0269
(0.0112)  (0.0121) (0.0121) (0.0125) (0.0121) (0.0139)
Test score controls v v v v
Test scores x Black v
F-stat for Test Scores 23.94 13.32
Cohort FEs v v v v
School & City Controls v v v
Family characteristics v v v

White Offending Rate 0.187 0.187 0.187 0.187 0.187 0.187
Black Offending Rate 0.237 0.237 0.237 0.237 0.237 0.237

R2 0.00233  0.0183 0.0189 0.0746 0.0680 0.0749
Total parameters 2 4 8 20 18 22
N 7000 7000 7000 7000 7000 7000

Notes: This table reports estimates of v in Equation (2.1) when using the NLSY97. The dependent
variable is a binary variable indicating if the student was ever arrested between the ages of 16 and 20.
The test scores used here are weighted combinations of the ASVAB tests designed to mimic the AFQT,
standardized to have mean zero and standard deviation 1. Column (6) also includes an interaction of these
test scores with the black dummy variable as an additional regressor. The school and city controls include
a dummy variable for if the student attended a high school in an urban setting during the first interview,
and whether or not there were gangs in said school. Family characteristics include the student’s gender,
a quadratic in the poverty to income ratio, and the mother’s and father’s highest level of education. For
each regressor, we included an additional binary variable control indicating if said value was missing, and
then imputed means for the missing values. Robust standard errors are reported in parentheses.

* p<0.05 " p<0.01, ™ p <0.001
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Table 2.11: Magnitude of the Residual Black-White Gap in the NLSY97 for Incarceration
by Age 20 Using Different Controls

(1) (2) (3) (4) (5) (6)
Black 0.00973*** 0.00738* 0.00747*  0.00575  0.00672*  0.00270
(0.00282)  (0.00309) (0.00309) (0.00323) (0.00299) (0.00390)
Test score controls v v v v
Test scores x Black v
F-stat for Test Scores 4.844 2.671
Cohort FEs v v v v
School & City Controls v v v
Family characteristics v v v

White Offending Rate 0.00413 0.00413  0.00413  0.00413  0.00413  0.00413
Black Offending Rate 0.0139 0.0139 0.0139 0.0139 0.0139 0.0139

R2 0.00239 0.00544  0.00685 0.0120 0.00986 0.0124
Total parameters 2 4 8 20 18 22
N 7000 7000 7000 7000 7000 7000

Notes: This table reports estimates of v in Equation (2.1). The dependent variable is a binary variable
indicating if the student was ever incarcerated between the ages of 16 and 20. The test scores used here
are weighted combinations of the ASVAB tests designed to mimic the AFQT, standardized to have mean
zero and standard deviation 1. Column (6) also includes an interaction of these test scores with the black
dummy variable as an additional regressor. The school and city controls include a dummy variable for
if the student attended a high school in an urban setting during the first interview, and whether or not
there were gangs in said school. Family characteristics include the student’s gender, a quadratic in the
poverty to income ratio, and the mother’s and father’s highest level of education. For each regressor,
we included an additional binary variable control indicating if said value was missing, and then imputed
means for the missing values. Robust standard errors are reported in parentheses.

*p <0.05, ** p<0.01, " p <0.001
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Table 2.12: The Residual Black-White Crime Gap in Charges by Age 20 When Controlling
for Educational Attainment

(1) (2) (3) (4) () (6)

Black 0.0783** 0.0266™*  0.0266*** 0.0191*** 0.0118"* 0.0234***
(0.00101) (0.00105) (0.00103) (0.00125) (0.00128) (0.00126)
Test score controls v v v v
Years of School v v Ve v
Cohort FEs v v v
School FEs v v v
Census Tract FEs v v v
Family characteristics v v

White Offending Rate 0.189 0.189 0.189 0.189 0.189 0.189

Black Offending Rate 0.268 0.268 0.268 0.268 0.268 0.268

Test scores F-stat 1694.6 431.0 399.0 263.3

R2 0.00810 0.0516 0.0953 0.112 0.125 0.122

Total parameters 2 26 75 5629 5641 5629

N 803051 803051 803051 803051 803051 803051

Notes: This table reports estimates of v in Equation (2.1). The dependent variable is a binary variable
indicating if the student was charged with any offense between the ages of 16 and 20. The test scores
used here are all observed math and reading scores from grades 3 through 8. We also include controls
for educational attainment, including the maximum grade we observe the student attending in the North
Carolina public school system, whether or not the student ever repeated a grade in elementary, middle,
or high school, and whether or not the student graduated. The other controls used here are the same as
those in the estimates from Table 2.2. Robust standard errors are reported in parentheses.

* p<0.05 " p<0.01, ™ p <0.001
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Table 2.13: Magnitude of the Residual Black-White Crime Gap at Age 20 By Crime Type

and Types of Test Score Controls

Drug Crime Charge

Assault Charge

Property Crime Charge

(1)

2)

3)

4)

()

(6)

(7)

®)

(9)

Black -0.000383  -0.00618*** -0.00698***  0.0230***  0.0153***  0.0116"**  0.0148"**  0.00989***  0.00693***
(0.000817) (0.000834) (0.000852) (0.000692) (0.000705) (0.000720) (0.000543) (0.000554) (0.000565)
Test score controls v v v v v v
Test scores x Black v v v
Cohort FEs v v v v v v v v v
School FEs v v v v v v v v v
Census Tract FEs v v v v v v v v v
Family characteristics v v v v v v v v v
White Offending Rate 0.0653 0.0653 0.0653 0.0329 0.0329 0.0329 0.0188 0.0188 0.0188
Black Offending Rate 0.0857 0.0857 0.0857 0.0859 0.0859 0.0859 0.0539 0.0539 0.0539
Test scores F-stat 224.1 147.8 344.8 125.4 229.9 64.41
R2 0.0557 0.0588 0.0592 0.0602 0.0650 0.0664 0.0592 0.0625 0.0643
Total parameters 5612 5624 5636 5612 5624 5636 5612 5624 5636
N 803051 803051 803051 803051 803051 803051 803051 803051 803051

Notes: This table reports estimates of v in Equation (2.1). The crime outcomes used in these regressions
were binary variables indicating if the student was charged with any drug offense (Columns (1)-(3)), any
assaults (Columns (4)-(6)), and any property offenses such as larceny (Columns (7)-(9)) between the
ages of 16 and 20. The test score variables used here include all observed math and reading scores from
grades 3 through 8. Columns (3), (6), and (9) also include interactions of these test scores with the black
dummy as controls. The other controls used here are the same as those in the estimates from Table 2.2.
Robust standard errors are reported in parentheses.

*p <0.05, ** p<0.01, *** p <0.001

Table 2.14: Magnitude of the Residual Black-White Crime Gap for Men at Age 20 By Charge
Severity and Types of Test Score Controls

Any Charge Misdemeanor Charge Felony Charge
0 @) () ) (5) (6) (™) (®) (9)
Black 0.0306**  0.00453* -0.00566** 0.0250***  0.000276 -0.00924** 0.0441** 0.0310**  0.0210***
(0.00193) (0.00197) (0.00203) (0.00192) (0.00195) (0.00201) (0.00122) (0.00125) (0.00129)
Test score controls v v v v v v
Test scores x Black v v v
Cohort FEs v v v v v v v v v
School FEs v v v v v v v v v
Census Tract FEs v v v v v v v v v
Family characteristics v v v v v v v v v
White Offending Rate ~ 0.238 0.238 0.238 0.231 0.231 0.231 0.0551 0.0551 0.0551
Black Offending Rate 0.334 0.334 0.334 0.318 0.318 0.318 0.149 0.149 0.149
Test scores F-stat 440.6 248.4 404.5 230.2 276.8 92.88
R2 0.0860 0.0978 0.0988 0.0813 0.0922 0.0931 0.0854 0.0928 0.0955
Total parameters 5251 5263 5275 5251 5263 5275 5251 5263 5275
N 412221 412221 412221 412221 412221 412221 412221 412221 412221

Notes: This table reports estimates of -y in Equation (2.1) when restricting our sample to men. The crime
outcomes used in these regressions were binary variables indicating if the student was charged with any
offense (Columns (1)-(3)), any misdemeanor offense (Columns (4)-(6)), and any felony offense (Columns
(7)-(9)) between the ages of 16 and 20. The test score variables used here include all observed math
and reading scores from grades 3 through 8. Columns (3), (6), and (9) also include interactions of these
test scores with the black dummy as controls. The other controls used here are the same as those in the
estimates from Table 2.2. Robust standard errors are reported in parentheses.

* p<0.05 " p<0.01, ™ p <0.001
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Table 2.15: Magnitude of the Residual Black-White Crime Gap for Women at Age 20 By
Charge Severity and Types of Test Score Controls

Any Charge Misdemeanor Charge Felony Charge
1 2 (3) (4) (5) (6) (7 (8) 9

Black 0.00978** -0.00478* -0.00731*** 0.00916** -0.00487** -0.00751**  0.000859  -0.00208** -0.00193**

(0.00167)  (0.00169)  (0.00173)  (0.00165) (0.00168)  (0.00172)  (0.000645) (0.000656) (0.000672)
Test score controls v v v v v v
Test scores x Black v v v
Cohort FEs v v v v v v v v v
School FEs v v v v v v v v v
Census Tract FEs v v v v v v v v v
Family characteristics v v v v v v v v v
White Offending Rate 0.138 0.138 0.138 0.135 0.135 0.135 0.0152 0.0152 0.0152
Black Offending Rate 0.199 0.199 0.199 0.193 0.193 0.193 0.0285 0.0285 0.0285
Test scores F-stat 302.3 160.7 287.2 151.8 88.15 45.58
R2 0.0571 0.0659 0.0669 0.0556 0.0640 0.0649 0.0255 0.0282 0.0285
Total parameters 5103 5115 5127 5103 5115 5127 5103 5115 5127
N 390830 390830 390830 390830 390830 390830 390830 390830 390830

Notes: This table reports estimates of v in Equation (2.1) when restricting our sample to women. The
crime outcomes used in these regressions were binary variables indicating if the student was charged
with any offense (Columns (1)-(3)), any misdemeanor offense (Columns (4)-(6)), and any felony offense
(Columns (7)-(9)) between the ages of 16 and 20. The test score variables used here include all observed
math and reading scores from grades 3 through 8. Columns (3), (6), and (9) also include interactions of
these test scores with the black dummy as controls. The other controls used here are the same as those
in the estimates from Table 2.2. Robust standard errors are reported in parentheses.

* p <0.05 " p<0.01, ™ p <0.001
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Table 2.16: Blinder-Oaxaca Decomposition of the Black-White Crime Gap in Misdemeanors
at Age 20 Using Test Scores in Different Years

(1) (2) (3) (4) (5) (6) (7)
All Tests Grade3 Grade4 Gradeb  Grade 6 Grade 7 Grade 8
Levels in Test Scores 0.0365***  0.0152** 0.0201*** 0.0222** 0.0293***  0.0327**  0.0415***
(0.0008)  (0.0006)  (0.0006)  (0.0006)  (0.0007) (0.0006) (0.0006)
[48.08]  [18.07]  [24.28]  [27.29]  [37.28] [43.41] [57.10]
Returns in Test Scores  0.0136***  0.0103*** 0.0120*** 0.0115*** 0.0132**  0.0126**  0.0120***
(0.0007)  (0.0007)  (0.0007)  (0.0007)  (0.0007) (0.0006) (0.0006)

[17.80]  [12.22]  [14.52]  [14.16]  [16.83] [16.75] [16.46]
Levels in Controls 0.0393***  0.0577** 0.0544** 0.0515**  0.0454™*  0.0430**  0.0377***
(0.0013)  (0.0011)  (0.0011)  (0.0011)  (0.0011) (0.0011) (0.0011)
[51.71] [68.64] [65.75) [63.32] [57.70] [57.01] [51.81]
Residual -0.0134**  0.0009  -0.0038* -0.0039* -0.0093*** -0.0129*** -0.0184***
(0.0019)  (0.0016) (0.0016) (0.0016)  (0.0016) (0.0016) (0.0015)
[17.60]  [1.09] [459]  [-4.76]  [-11.84]  [-17.15]  [-25.26]
Cohort FEs v v v v v v v
School FEs v v v v v v v
Census Tract FEs v v v v v v v
Family Characteristics v v v v v v v
White Offending Rate 2121 1973 .2007 .2035 .2058 .2065 2054
Black Offending Rate .288 2813 .2835 .2848 .2845 2819 2781
N 483010 614000 616934 621492 625518 630565 633552

Notes: This table reports the estimates of each term of the Blinder-Oaxaca decomposition of the black-
white misdemeanor offending gap, as depicted in Equation (2.3), using test scores for different grades.
Estimates were made from OLS estimates of the pooled model from Equation (2.2). We do this decompo-
sition using math and reading scores from all grades (Column (1)) and each individual grade separately
(Columns (2)-(7)). Samples were restricted to individuals with observed test scores. Each row represents
a different term in the breakdown. The first row represents the portion explained by average differences
in test scores when using the white returns to test scores. The second row illustrates the difference in
returns when using average test scores of black students test scores, the third row displays differences
in S, and the fourth row displays the residual gap for the average student. The standard errors are in
parentheses were calculated applying the delta method with robust standard error regression coefficients,
assuming non-stochastic regressors (a la Oaxaca and Ransom (1998)). Each term’s percent share of the
raw black-white offending gap is reported below the standard errors in brackets.

* p<0.05, ** p<0.01, ** p <0.001



CHAPTER 2. CAN RACIAL GAPS IN OFFENDING BE EXPLAINED? 91

Table 2.17: Blinder-Oaxaca Decomposition of the Black-White Crime Gap in Felonies at
Age 20 Using Test Scores in Different Years

(1) (2) (3) (4) (5) (6) (7)

All Tests Grade3 Grade4 Gradeb Grade6 Grade7 Grade 8
Levels in Test Scores 0.0110** 0.0045** 0.0061*** 0.0067** 0.0096*** 0.0098* 0.0129***
(0.0004)  (0.0003)  (0.0003) (0.0003) (0.0003) (0.0003) (0.0003)

[20.12] [7.54] [10.35] [11.37] [16.30] [17.28] [23.43]
Returns in Test Scores 0.0081*** 0.0068*** 0.0086™* 0.0087** 0.0106** 0.0103*** 0.0106***
(0.0004)  (0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (0.0004)

[14.91] [11.34] [14.50] [14.67 [18.10] [18.08] [19.35]
Levels in Controls 0.0223**  0.0317** 0.0307*** 0.0300*** 0.0272*** 0.0260™** 0.0229***
(0.0007)  (0.0006)  (0.0006)  (0.0006)  (0.0006)  (0.0006) (0.0006)

[40.81] [53.25] [51.70] [50.76] [46.36] [45.62] [41.71]

Residual 0.0132*** 0.0166™* 0.0139*** 0.0137** 0.0114** 0.0108*** 0.0085***
(0.0010)  (0.0009)  (0.0009) (0.0009) (0.0009) (0.0009) (0.0009)
[24.13]  [27.88]  [23.41]  [23.21]  [19.37]  [18.97]  [15.53]
Cohort FEs v v v v v v v
School FEs v v v v Ve v v
Census Tract FEs v v v v v v v
Family Characteristics v v v v v v v
White Offending Rate .0372 .0377 .0384 .0387 .0389 .0383 .0373
Black Offending Rate .0918 .0973 .0978 .0978 .0975 .0953 .0922
N 483010 614000 616934 621492 625518 630565 633552

Notes: This table reports the estimates of each term of the Blinder-Oaxaca decomposition of the black-
white felony offending gap, as depicted in Equation (2.3), using test scores for different grades. Estimates
were made from OLS estimates of the pooled model from Equation (2.2). We do this decomposition using
math and reading scores from all grades (Column (1)) and each individual grade separately (Columns
(2)-(7)). Samples were restricted to individuals with observed test scores. Each row represents a different
term in the breakdown. The first row represents the portion explained by average differences in test scores
when using the white returns to test scores. The second row illustrates the difference in returns when
using average test scores of black students test scores, the third row displays differences in .S, and the
fourth row displays the residual gap for the average student. The standard errors are in parentheses were
calculated applying the delta method with robust standard error regression coeficients, assuming non-
stochastic regressors (a la Oaxaca and Ransom (1998)). Each term’s percent share of the raw black-white
offending gap is reported below the standard errors in brackets.

* p<0.05 " p<0.01, ™ p <0.001
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Table 2.18: Blinder-Oaxaca Decomposition of the Black-White Crime Gap in Convictions
at Age 20 Using Test Scores in Different Years

(1) (2) (3) (4) (5) (6) (7)

All Tests Grade3 Grade4 Gradeb Grade6 Grade7 Grade 8
Levels in Test Scores 0.0122*** 0.0042** 0.0053*** 0.0063** 0.0092*** 0.0107** 0.0136***
(0.0003)  (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)

[25.65] [8.65] [11.59] [13.52] [19.68] [23.51] [29.66]
Returns in Test Scores 0.0090** 0.0067*** 0.0075** 0.0082*** 0.0097** 0.0094™* 0.0102***
(0.0004)  (0.0003)  (0.0003)  (0.0003)  (0.0003) (0.0003) (0.0003)

[18.85] [13.68] [16.27] [17.50] [20.80] [20.52] [22.24]
Levels in Controls 0.0194**  0.0287** 0.0266™* 0.0259*** 0.0229*** 0.0199"** 0.0168***
(0.0006)  (0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (0.0004)

[40.57] [58.89] [57.98] [55.17] [49.31] [43.60] [36.47]

Residual 0.0071** 0.0092***  0.0065** 0.0064*** 0.0047* 0.0056*** 0.0053***
(0.0008)  (0.0006)  (0.0006)  (0.0006) (0.0006) (0.0005) (0.0005)
[14.99]  [18.88]  [14.21]  [13.74]  [10.21]  [12.35]  [11.45]
Cohort FEs v v v v v v v
School FEs v v v v v v v
Census Tract FEs v v v v v v v
Family Characteristics v v v v v v v
White Offending Rate .0368 .0334 .0324 .0342 .0346 .0352 .036
Black Offending Rate .0845 .0822 .0782 .0811 .0811 .0809 .082
N 683618 089218 1086117 1060401 1173656 1274112 1299412

Notes: This table reports the estimates of each term of the Blinder-Oaxaca decomposition of the black-
white convictions offending gap, as depicted in Equation (2.3), using test scores for different grades.
Estimates were made from OLS estimates of the pooled model from Equation (2.2). We do this decom-
position using math and reading scores from all grades (Column (1)) and each individual grade separately
(Columns (2)-(7)). Samples were restricted to individuals with observed test scores. Each row represents
a different term in the breakdown. The first row represents the portion explained by average differences
in test scores when using the white returns to test scores. The second row illustrates the difference in
returns when using average test scores of black students test scores, the third row displays differences
in S, and the fourth row displays the residual gap for the average student. The standard errors are in
parentheses were calculated applying the delta method with robust standard error regression coefficients,
assuming non-stochastic regressors (a la Oaxaca and Ransom (1998)). Each term’s percent share of the
raw black-white offending gap is reported below the standard errors in brackets.

* p<0.05 " p<0.01, ™ p <0.001
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Table 2.20: Blinder-Oaxaca Decomposition of Test Scores and the Black-White Crime Gap
at Age 20 By Crime Type and Economic Status for Male Students

Any Charge Misdemeanor Charge Felony Charge

(1) (2) (3) (4) (5) (6)
Low SES High SES Low SES High SES Low SES High SES
Levels in Test Scores  0.0296**  0.0363***  0.0279**  0.0348**  0.0126** 0.0112***
(0.0015)  (0.0012)  (0.0015)  (0.0012)  (0.0010)  (0.0006)
[39.68] [-320.83] [42.38] [-212.38] [15.65] [46.41]
Returns in Test Scores 0.0180**  0.0023**  0.0171**  0.0022*  0.0185**  -0.0001
(0.0021)  (0.0009)  (0.0021)  (0.0009)  (0.0015)  (0.0005)

[24.10]  [-20.79]  [26.05]  [-13.52]  [22.96]  [-0.55]
Levels in Controls 0.0190*** 0.0044  0.0178** 0.0049 0.0207***  0.0032*
(0.0025)  (0.0025)  (0.0025)  (0.0025)  (0.0018)  (0.0013)
[25.42]  [-39.16]  [27.11]  [-29.62]  [25.67]  [13.37]
Residual 0.0080*  -0.0543**  0.0029  -0.0583*** 0.0288*** 0.0098***
(0.0040)  (0.0050)  (0.0039)  (0.0049)  (0.0026)  (0.0027)
[10.76] [480.96] [4.43] [355.58] [35.79] [40.77]
Cohort FEs v v v v v v
School FEs v v v v v v
Census Tract FEs v v v v v v
Family Characteristics v v v v v v
White Offending Rate .3332 244 .3222 2391 .0953 .0382
Black Offending Rate .4079 2327 .388 .2227 1758 .0623
N 118898 120019 118898 120019 118898 120019

Notes: This table reports the estimates of each term of the Blinder-Oaxaca decomposition from Equation
(2.3) for men separately by students’ socio-economic status. Estimates were made from OLS estimates
of the pooled model from Equation (2.2). Columns (1), (3), and (5) restrict our sample to economically
disadvantaged students, and Columns (2), (4), and (6) only include economically non-disadvantaged
students. Columns (1)-(2) decompose the gap in any offending by age 20, Columns (3)-(4) decompose
the gap in any misdemeanor charges, and Columns (5)-(6) decompose the gap in felony charges. We
do this decomposition using all math and reading scores from grades (3-8). Samples were restricted to
individuals with observed test scores. Each row represents a different term in the breakdown. The first
row represents the portion explained by average differences in test scores when using the white returns
to test scores. The second row illustrates the difference in returns when using average test scores of black
students test scores, the third row displays differences in S, and the fourth row displays the residual gap
for the average student. The standard errors are in parentheses were calculated applying the delta method
with robust standard error regression coefficients, assuming non-stochastic regressors (a la Oaxaca and
Ransom (1998)). Each term’s percent share of the raw black-white offending gap is reported below the
standard errors in brackets.

* p<0.05, " p<0.01, ** p <0.001
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Table 2.21: Blinder-Oaxaca Decomposition of Eighth Grade Math Test Scores Only and the
Black-White Crime Gap at Age 20

Any Charge Misdemeanor Charge Felony Charge
1) @) 3)
Levels in Test Scores 0.0382*** 0.0368*** 0.0115***
(0.0006) (0.0006) (0.0003)
[47.79] [50.14] [20.88]
Returns in Test Scores 0.0104*** 0.0101*** 0.0089***
(0.0006) (0.0005) (0.0003)
[13.06] [13.72] [16.14]
Levels in Controls 0.0424** 0.0401** 0.0241**
(0.0011) (0.0011) (0.0006)
[53.02] [54.64] [43.58]
Residual -0.011 1% -0.0136*** 0.0107***
(0.0016) (0.0015) (0.0009)
[-13.85] [-18.49] [19.43]
Cohort FEs v v v
School FEs v v v
Census Tract FEs v v v
Family Characteristics v v v
White Offending Rate .2106 2055 0374
Black Offending Rate .2906 2788 .0927
N 635218 635218 635218

Notes: This table reports the estimates of each term of the Blinder-Oaxaca (B-O) decomposition of the
black-white offending gap for men, as depicted in Equation (2.3). These estimates differ from our other
B-O decompositions, as we only use eighth grade math tests. Estimates were made from OLS estimates
of the pooled model from Equation (2.2). Column (1) decomposes the gap in any offending by age 20,
Column (2) decomposes the gap in any misdemeanor charges, and Column (3) analyzes the gap in felony
charges. Samples were restricted to individuals with observed eighth grade math test scores. Each row
represents a different term in the breakdown. The first row represents the portion explained by average
differences in test scores when using the white returns to test scores. The second row illustrates the
difference in returns when using average test scores of black students test scores, the third row displays
differences in S, and the fourth row displays the residual gap for the average student. The standard
errors are in parentheses were calculated applying the delta method with robust standard error regression
coefficients, assuming non-stochastic regressors (a la Oaxaca and Ransom (1998)). Each term’s percent
share of the raw black-white offending gap is reported below the standard errors in brackets.

* p<0.05, ** p<0.01, ** p <0.001



96

Chapter 3

Do Parents Value School
Effectiveness?

3.1 Introduction

Recent education reforms in the United States, including charter schools, school vouchers,
and district-wide open enrollment plans, increase parents’ power to choose schools for their
children. School choice allows households to avoid undesirable schools and forces schools to
satisfy parents’ preferences or risk losing enrollment. Proponents of choice argue that this
competitive pressure is likely to generate system-wide increases in school productivity and
boost educational outcomes for students (Friedman, 1962; Chubb and Moe, 1990; Hoxby,
2003). By decentralizing school quality assessment and allowing parents to act on local
information, school choice may provide better incentives for educational effectiveness than
could be achieved by a centralized accountability system. Choice may also improve outcomes
by allowing students to sort into schools that suit their particular educational needs, resulting
in improved match quality (Hoxby, 2000). These arguments have motivated recent policy
efforts to expand school choice (e.g., DeVos, 2017).

If choice is to improve educational effectiveness, parents’ choices must result in rewards
for effective schools and sanctions for ineffective ones. Our use of the term “effective”
follows Rothstein (2006): an effective school is one that generates causal improvements
in student outcomes. Choice need not improve school effectiveness if it is not the basis
for how parents choose between schools. For example, parents may value attributes such
as facilities, convenience, student satisfication, or peer composition in a manner that does
not align with educational impacts (Hanushek, 1981; Jacob and Lefgren, 2007). Moreover,
while models in which parents value schools according to their effectiveness are an important
benchmark in the academic literature (e.g., Epple, Figlio, and Romano, 2004), it may be
difficult for parents to separate a school’s effectiveness from the composition of its student
body (Kane and Staiger, 2002). If parent choices reward schools that recruit higher-achieving
students rather than schools that improve outcomes, school choice may increase resources
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devoted to screening and selection rather than better instruction (Ladd, 2002; MacLeod
and Urquiola, 2015). Consistent with these possibilities, Rothstein (2006) shows that cross-
district relationships among school choice, sorting patterns, and student outcomes fail to
match the predictions of a model in which school effectiveness is the primary determinant of
parent preferences.

This paper offers new evidence on the links between parent preferences, school effective-
ness, and peer quality based on choice and outcome data for more than 250,000 applicants
in New York City’s centralized high school assignment mechanism. Each year, thousands
of New York City high school applicants rank-order schools, and the mechanism assigns
students to schools using the deferred acceptance (DA) algorithm (Gale and Shapley, 1962;
Abdulkadiroglu, Pathak, and Roth, 2005). The DA mechanism is strategy-proof: truthfully
ranking schools is a weakly dominant strategy for students (Dubins and Freedman, 1981;
Roth, 1982). This fact motivates our assumption that applicants’ rankings measure their true
preferences for schools.! We summarize these preferences by fitting discrete choice models
to applicants’ rank-ordered preference lists.

We then combine the preference estimates with estimates of school treatment effects on
test scores, high school graduation, college attendance, and college choice. Treatment effect
estimates come from “value-added” regression models of the sort commonly used to measure
causal effects of teachers and schools (Todd and Wolpin, 2003; Koedel, Mihaly, and Rockoff,
2015). We generalize the conventional value-added approach to allow for match effects in aca-
demic outcomes and to relax the selection-on-observables assumption underlying standard
models. Recent evidence suggests that value-added models controlling only for observables
provide quantitatively useful but biased estimates of causal effects due to selection on unob-
servables (Rothstein, 2010, 2017; Chetty et al., 2014a; Angrist et al., 2017). We therefore use
the rich information on preferences contained in students’ rank-ordered choice lists to correct
our estimates for selection on unobservables. This selection correction is implemented by
extending the classic multinomial logit control function estimator of Dubin and McFadden
(1984) to a setting where rankings of multiple alternatives are known.

The final step of our analysis relates the choice model and treatment effect estimates to
measure preferences for school effectiveness. The choice and outcome models we estimate
allow preferences and causal effects to vary flexibly with student characteristics. Our spec-
ifications accommodate the possibility that schools are more effective for specific types of
students and that applicants choose schools that are a good match for their student type. We
compare the degree to which parent preferences are explained by overall school effectiveness,
match quality, and peer quality, defined as the component of a school’s average outcome due
to selection rather than effectiveness.

1As we discuss in Section 3.2, DA is strategy-proof when students are allowed to rank every school, but
the New York City mechanism only allows applicants to rank 12 choices. Most students do not fill their
preference lists, however, and truthful ranking is a dominant strategy in this situation (Haeringer and Klijn,
2009; Pathak and S6nmez, 2013). Fack, Grenet, and He (2015) propose empirical approaches to measuring
student preferences without requiring that truth-telling is the unique equilibrium.
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We find preferences are positively correlated with both peer quality and causal effects
on student outcomes. More effective schools enroll higher-ability students, however, and
preferences are unrelated to school effectiveness after controlling for peer quality. We also
find little evidence of selection on match effects: on balance, parents do not prefer schools
that are especially effective for their own children, and students do not enroll in schools that
are a better-than-average match. These patterns are similar for short-run achievement test
scores and longer-run postsecondary outcomes. Looking across demographic and baseline
achievement groups, we find no evidence that any subgroup places positive weight on school
effectiveness once we adjust for peer quality.

These findings do not indicate that parents choose schools irrationally; they may use peer
characteristics to proxy for school effectiveness if the latter is difficult to observe, or value
peer quality independently of impacts on academic outcomes. Regardless of the mechanism,
however, our results imply that parents’ choices penalize schools that enroll low achievers
rather than schools that offer poor instruction. As a result, school choice programs may
generate stronger incentives for screening and selection than for improved academic quality.
We provide suggestive evidence that schools have responded to these incentives by increasing
screening since the introduction of centralized assignment in New York City.

Our analysis complements Rothstein’s (2006) indirect test with a direct assessment of
the relationships among parent preferences, peer quality, and school effectiveness based on
unusually rich choice and outcome data. The results also contribute to a large literature
studying preferences for school quality (Black, 1999; Figlio and Lucas, 2004; Bayer, Ferreira,
and McMillan, 2007; Hastings and Weinstein, 2008; Burgess, Greaves, Vignoles, and Wil-
son, 2014; Imberman and Lovenheim, 2016). These studies show that housing prices and
household choices respond to school performance levels, but they do not typically separate
responses to causal school effectiveness and peer quality. Our findings are also relevant to
theoretical and empirical research on the implications of school choice for sorting and strati-
fication (Epple and Romano, 1998; Epple et al., 2004; Hsieh and Urquiola, 2006; Barseghyan,
Clark, and Coate, 2014; Altonji, Huang, and Taber, 2015; Avery and Pathak, 2015; MacLeod
and Urquiola, 2015; MacLeod, Riehl, Saavedra, and Urquiola, 2017). In addition, our re-
sults help to reconcile some surprising findings from recent studies of school choice. Cullen,
Jacob, and Levitt (2006) find limited achievement effects of admission to preferred schools
in Chicago, while Walters (2018) documents that disadvantaged students in Boston are less
likely to apply to charter schools than more advantaged students despite experiencing larger
achievement benefits. Angrist, Pathak., and Walters (2013) and Abdulkadiroglu, Pathak,
and Walters (2018) report on two settings where parents opt for schools that reduce student
achievement. These patterns are consistent with our finding that school choices are not
driven by school effectiveness.

Finally, our analysis adds to a recent series of studies leveraging preference data from
centralized school assignment mechanisms to investigate school demand (Hastings, Kane,
and Staiger, 2009; Harris and Larsen, 2014; Fack et al., 2015; Abdulkadiroglu, Agarwal,
and Pathak, 2017a; Glazerman and Dotter, 2016; Kapor, Neilson, and Zimmerman, 2017;
Agarwal and Somaini, 2018). Some of these studies analyze assignment mechanisms that
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provide incentives to strategically misreport preferences, while others measure academic
quality using average test scores rather than distinguishing between peer quality and school
effectiveness or looking at longer-run outcomes. We build on this previous work by using
data from a strategy-proof mechanism to separately estimate preferences for peer quality
and causal effects on multiple measures of academic success.

The rest of the paper is organized as follows. The next section describes school choice
in New York City and the data used for our analysis. Section 3.3 develops a conceptual
framework for analyzing school effectiveness and peer quality, and Section 3.4 details our
empirical approach. Section 3.5 summarizes estimated distributions of student preferences
and school treatment effects. Section 3.6 links preferences to peer quality and school effec-
tiveness, and Section 3.7 discusses implications of these relationships. Section 3.8 concludes
and offers some directions for future research.

3.2 Setting and Data

New York City High Schools

The New York City public school district annually enrolls roughly 90,000 ninth graders at
more than 400 high schools. Rising ninth graders planning to attend New York City’s public
high schools submit applications to the centralized assignment system. Before 2003 the
district used an uncoordinated school assignment process in which students could receive
offers from more than one school. Motivated in part by insights derived from the theory
of market design, in 2003 the city adopted a coordinated single-offer assignment mechanism
based on the student-proposing deferred acceptance (DA) algorithm (Gale and Shapley, 1962;
Abdulkadiroglu et al., 2005; Abdulkadiroglu, Pathak, and Roth, 2009). Abdulkadiroglu et al.
(2017a) show that introducing coordinated assignment reduced the share of administratively
assigned students and likely improved average household welfare.

Applicants report their preferences for schooling options to the assignment mechanism
by submitting rank-ordered lists of up to 12 academic programs. An individual school may
operate more than one program. To aid families in their decisionmaking the New York City
Department of Education (DOE) distributes a directory that provides an overview of the
high school admission process, key dates, and an information page for each high school. A
school’s information page includes a brief statement of its mission, a list of offered programs,
courses and extracurricular activities, pass rates on New York Regents standardized tests,
and the school’s graduation rate (New York City Department of Education, 2003). DOE
also issues annual schools reports that list basic demographics, teacher characteristics, school
expenditures, and Regents performance levels. During the time period of our study (2003-
2007) these reports did not include measures of test score growth, though such measures
have been added more recently (New York City Department of Education, 2004, 2017).

Academic programs prioritize applicants in the centralized admission system using a mix
of factors. Priorities depend on whether a program is classified as unscreened, screened, or
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an educational option program. Unscreened programs give priority to students based on
residential zones and (in some cases) to those who attend an information session. Screened
programs use these factors and may also assign priorities based on prior grades, standardized
test scores, and attendance. Educational option programs use screened criteria for some of
their seats and unscreened criteria for the rest. Random numbers are used to order applicants
with equal priority. A small group of selective high schools, including New York City’s exam
schools, admit students in a parallel system outside the main round of the assignment process
(Abdulkadiroglu, Angrist, and Pathak, 2014).

The DA algorithm combines student preferences with program priorities to generate
a single program assignment for each student. In the initial step of the algorithm, each
student proposes to her first-choice program. Programs provisionally accept students in
order of priority up to capacity and reject the rest. In subsequent rounds, each student
rejected in the previous step proposes to her most-preferred program among those that have
not previously rejected her, and programs reject provisionally accepted applicants in favor of
new applicants with higher priority. This process iterates until all students are assigned to a
program or all unassigned students have been rejected by every program they have ranked.
During our study time period, students left unassigned in the main round participate in a
supplementary DA round in which they rank up to 12 additional programs with available
seats. Any remaining students are administratively assigned by the district. About 82
percent, 8 percent, and 10 percent of applicants are assigned in the main, supplementary,
and administrative rounds, respectively (Abdulkadiroglu et al., 2017a).

An attractive theoretical property of the DA mechanism is that it is strategy-proof: since
high-priority students can displace those with lower priority in later rounds of the process,
listing schools in order of true preferences is a dominant strategy in the mechanism’s canonical
version. This property, however, requires students to have the option to rank all schools
(Haeringer and Klijn, 2009; Pathak and Sénmez, 2013). As we show below, more than 70
percent of students rank fewer than 12 programs, meaning that truthful ranking of schools is
a dominant strategy for the majority of applicants. The instructions provided with the New
York City high school application also directly instruct students to rank schools in order
of their true preferences (New York City Department of Education, 2003). In the analysis
to follow, we therefore interpret students’ rank-ordered lists as truthful reports of their
preferences. We also probe the robustness of our findings to violations of this assumption
by reporting results based on students that rank fewer than 12 choices.?

Data and Samples

The data used here are extracted from a DOE administrative information system covering
all students enrolled in New York City public schools between the 2003-2004 and 2012-2013
school years. These data include school enrollment, student demographics, home addresses,

2 Along similar lines, Abdulkadiroglu et al. (2017a) show that preference estimates using only the top ranked
school, the top three schools, and all but the last ranked school are similar.
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scores on New York Regents standardized tests, Preliminary SAT (PSAT) scores, and high
school graduation records, along with preferences submitted to the centralized high school
assignment mechanism. A supplemental file from the National Student Clearinghouse (NSC)
reports college enrollment for students graduating from New York City high schools between
2009 and 2012. A unique student identifier links records across these files.

We analyze high school applications and outcomes for four cohorts of students enrolled
in New York City public schools in eighth grade between 2003-2004 and 2006-2007. This
set of students is used to construct several samples for statistical analysis. The choice
sample, used to investigate preferences for schools, consists of all high school applicants with
baseline (eighth grade) demographic, test score, and address information. Our analysis of
school effectiveness uses subsamples of the choice sample corresponding to each outcome of
interest. These outcome samples include students with observed outcomes, baseline scores,
demographics, and addresses, enrolled for ninth grade at one of 316 schools with at least 50
students for each outcome. The outcome samples also exclude students enrolled at the nine
selective high schools that do not admit students via the main DA mechanism. Appendix 3.11
and Appendix Table 3.11 provide further details on data sources and sample construction.

Key outcomes in our analysis include Regents math standardized test scores, PSAT
scores, high school graduation, college attendance, and college quality. The high school
graduation outcome equals one if a student graduates within five years of her projected high
school entry date given her eighth grade cohort. Likewise, college attendance equals one for
students who enroll in any college (two or four year) within two years of projected on-time
high school graduation. The college quality variable, derived from Internal Revenue Service
tax record statistics reported by Chetty, Friedman, Saez, Turner, and Yagan (2017b), equals
the mean 2014 income for children born between 1980 and 1982 who attended a student’s
college. The mean income for the non-college population is assigned to students who do not
enroll in a college. While this metric does not distinguish between student quality and causal
college effectiveness, it provides an accurate measure of the selectivity of a student’s college.
It has also been used elsewhere to assess effects of education programs on the intensive
margin of college attendance (Chetty et al., 2011, 2014b). College attendance and quality
are unavailable for the 2003-2004 cohort because the NSC data window does not allow us
to determine whether students in this cohort were enrolled in college within two years of
projected high school graduation.

Descriptive statistics for the choice and outcome samples appear in Table 3.1. These
statistics show that New York City schools serve a disadvantaged urban population. Seventy-
three percent of students are black or hispanic, and 65 percent are eligible for a subsidized
lunch. Data from the 2011-2015 American Community Surveys shows that the average
student in the choice sample lives in a census tract with a median household income of
$50,136 in 2015 dollars. Observed characteristics are generally similar for students in the
choice and outcome samples. The average PSAT score in New York City is 116, about
one standard deviation below the US average (the PSAT is measured on a 240 point scale,
normed to have a mean of 150 and a standard deviation of 30). The five-year high school
graduation rate is 61 percent, and 48 percent of students attend some college within two
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years of graduation.

Choice Lists

New York City high school applicants tend to prefer schools near their homes, and most do
not fill their choice lists. These facts are shown in Table 3.2, which summarizes rank-ordered
preference lists in the choice sample. As shown in column (1), 93 percent of applicants submit
a second choice, about half submit eight or more choices, and 28 percent submit the maximum
12 allowed choices. Column (2) shows that students prefer schools located in their home
boroughs: 85 percent of first-choice schools are in the same borough as the student’s home
address, and the fraction of other choices in the home borough are also high. Abdulkadiroglu
et al. (2017a) report that for 2003-04, 193 programs restricted eligibility to applicants who
reside in the same borough. The preference analysis to follow, therefore, treats schools in a
student’s home borough as her choice set and aggregates schools in other boroughs into a
single outside option. Column (3), which reports average distances (measured as great-circle
distance in miles) for each choice restricted to schools in the home borough, shows that
students rank nearby schools higher within boroughs as well.

Applicants also prefer schools with strong academic performance. The last column of
Table 3.2 reports the average Regents high school math score for schools at each position
on the rank list. Regents scores are normalized to have mean zero and standard deviation
one in the New York City population. To earn a high school diploma in New York state,
students must pass a Regents math exam. These results reveal that higher-ranked schools
enroll students with better math scores. The average score at a first-choice school is 0.2
standard deviations (o) above the city average, and average scores monotonically decline
with rank. PSAT, graduation, college enrollment, and college quality indicators also decline
with rank. Students and parents clearly prefer schools with high achievement levels. Our
objective in the remainder of this paper is to decompose this pattern into components due
to preferences for school effectiveness and peer quality.

3.3 Conceptual Framework

Consider a population of students indexed by 7, each of whom attends one of J schools. Let
Y;; denote the potential value of some outcome of interest for student 7 if she attends school
J. The projection of Y;; on a vector of observed characteristics, X;, is written:

where E'[¢;;] = E [X;€;5] = 0 by definition of «; and ;. The coefficient vector 5; measures
the returns to observed student characteristics at school j, while ¢€;; reflects variation in
potential outcomes unexplained by these characteristics. We further normalize E[X;] = 0,
so a; = E'[Y};] is the population mean potential outcome at school j. The realized outcome
for student 7 is Y; = 3, 1{S; = j} Vi;, where S; € {1...J} denotes school attendance.
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We decompose potential outcomes into components explained by student ability, school
effectiveness, and idiosyncratic factors. Let 4; = (1/J)>_;Yi; denote student i’s general
ability, defined as the average of her potential outcomes across all schools. This variable
describes how the student would perform at the average school. Adding and subtracting A;
on the right-hand side of (3.1) yields:

YVi=a+XB+&+ (o —a)+ X[(B; — B) + (e — &), (3.2)
%,—/ H/_/ A - /
A ATE; M;;

where a = (1/J) >, ay, B = (1/J) > B, and & = (1/J) >, €. Equation (3.2) shows
that student ¢’s potential outcome at school j is the sum of three terms: the student’s
general ability, A;; the school’s average treatment effect, AT'E;, defined as the causal effect
of school j relative to an average school for an average student; and a match effect, M,;,
which reflects student ¢’s idiosyncratic suitability for school j. Match effects may arise either
because of an interaction between student i’s observed characteristics and the extra returns
to characteristics at school j (captured by X!(8; — 3)) or because of unobserved factors that
make student ¢ more or less suitable for school j (captured by €;; — &).

This decomposition allows us to interpret variation in observed outcomes across schools

using three terms. The average outcome at school j is given by:

Here Q; = E'[A;|S; = j] is the average ability of students enrolled at school j, a variable we
label “peer quality.” The quantity E [M,;|S; = j] is the average suitability of j’s students
for this particular school. In a Roy (1951)-style model in which students sort into schools
on the basis of comparative advantage in the production of Y;, we would expect this average
match effect to be positive for all schools. Parents and students may also choose schools on
the basis of peer quality @);, overall school effectiveness AT'E;, or the idiosyncratic match
M;; for various outcomes.

3.4 Empirical Methods

The goal of our empirical analysis is to assess the roles of peer quality, school effectiveness,
and academic match quality in applicant preferences. Our analysis proceeds in three steps.
We first use rank-ordered choice lists to estimate preferences, thereby generating measures of
each school’s popularity. Next, we estimate schools’ causal effects on test scores, high school
graduation, college attendance, and college choice. Finally, we combine these two sets of
estimates to characterize the relationships among school popularity, peer quality, and causal
effectiveness.
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Estimating Preferences

Let U;; denote student 4’s utility from enrolling in school j, and let J = {1...J} represent the
set of available schools. We abstract from the fact that students rank programs rather than
schools by ignoring repeat occurrences of any individual school on a student’s choice list.
Ui; may therefore be interpreted as the indirect utility associated with student ¢’s favorite
program at school j. The school ranked first on a student’s choice list is

R;1 = argmax U;;,
1 g X Y
while subsequent ranks satisfy

R, = arg max Uij; k>1.
JET\{Rim m<k}
Student i’s rank-order list is then R; = (Rii...Riys))’, where £(i) is the length of the list
submitted by this student.
We summarize these preference lists by fitting random utility models with parameters
that vary according to observed student characteristics. Student ¢’s utility from enrolling in
school j is modeled as:

Uij = Oc(x)j = Te(x) Dij + 1ij» (3.4)
where the function ¢(X;) assigns students to covariate cells based on the variables in the
vector X;, and D;; records distance from student ¢’s home address to school j. The parameter
d¢; is the mean utility of school j for students in covariate cell ¢, and 7, is a cell-specific
distance parameter or “cost.” We include distance in the model because a large body of
evidence suggests it plays a central role in school choices (e.g., Hastings et al., 2009 and
Abdulkadiroglu et al., 2017a). We model unobserved tastes 7;; as following independent
extreme value type I distributions conditional on X; and D; = (D;;...D;;)'. Equation (3.4)
is therefore a rank-ordered multinomial logit model (Hausman and Ruud, 1987).

The logit model implies the conditional likelihood of the rank list R; is:
20 exXp (5c(X-)Rv — Tc(X-)DiR- )
L(Ri| X, D) =[] Dk D :
b1 Zjej\{Rim:m<k} exp (5C(X¢)j - TC(Xi)Dij)

We allow flexible heterogeneity in tastes by estimating preference models separately for 360
covariate cells defined by the intersection of borough, sex, race (black, hispanic, or other),
subsidized lunch status, above-median census tract income, and terciles of the mean of eighth
grade math and reading scores. This specification follows several recent studies that flexibly
parametrize preference heterogeneity in terms of observable characteristics (e.g., Hastings,
Hortacsu, and Syverson, 2017 and Langer, 2016). Students rarely rank schools outside
their home boroughs, so covariate cells often include zero students ranking any given out-
of-borough school. We therefore restrict the choice set J to schools located in the home
borough and aggregate all other schools into an outside option with utility normalized to
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zero. Maximum likelihood estimation of the preference parameters produces a list of school
mean utilities along with a distance coefficient for each covariate cell.

Estimating School Effectiveness

Our analysis of school effectiveness aims to recover the parameters of the potential outcome
equations defined in Section 3.3. We take two approaches to estimating these parameters.

Approach 1: Selection on observables

The first set of estimates is based on the assumption:

E[Yi|X,, S = o+ X[, j = 1. 35
This restriction, often labeled “selection on observables,” requires school enrollment to be as
good as random conditional on the covariate vector X;, which includes sex, race, subsidized
lunch status, the log of median census tract income, and eighth grade math and reading
scores. Assumption (3.5) implies that an ordinary least squares (OLS) regression of Y;
on school indicators interacted with X; recovers unbiased estimates of «o; and j; for each
school. This fully interacted specification is a multiple-treatment extension of the Oaxaca-
Blinder (1973) treatment effects estimator (Kline, 2011).% By allowing school effectiveness to
vary with student characteristics, we generalize the constant effects “value-added” approach
commonly used to estimate the contributions of teachers and schools to student achievement
(Koedel et al., 2015).

The credibility of the selection on observables assumption underlying value-added es-
timators is a matter of continuing debate (Rothstein, 2010, 2017; Kane, McCaffrey, and
Staiger, 2013; Bacher-Hicks et al., 2014; Chetty et al., 2014a, 2016, 2017a; Guarino, Reck-
ase, and Wooldridge, 2015). Comparisons to results from admission lotteries indicate that
school value-added models accurately predict the impacts of random assignment but are
not perfectly unbiased (Deming, 2014; Angrist, Hull, Pathak, and Walters, 2016b; Angrist
et al., 2017). Selection on observables may also be more plausible for test scores than for
longer-run outcomes, for which lagged measures of the dependent variable are not available
(Chetty et al., 2014a). We therefore report OLS estimates as a benchmark and compare
these to estimates from a more general strategy that relaxes assumption (3.5).

Approach 2: Rank-ordered control functions
Our second approach is motivated by the restriction:

E [Yij\Xz’, Di,ni1..mig, Si] =5+ X{ﬂj + gj(Du i1, --,771;7), Jj=1.J (3-6)

3We also include main effects of borough so that the model includes the same variables used to define covariate
cells in the preference estimates.
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This restriction implies that any omitted variable bias afflicting OLS value-added esti-
mates is due either to spatial heterogeneity captured by distances to each school (D;) or to
the preferences underlying the rank-ordered lists submitted to the assignment mechanism
(ni;). The function g¢;(-) allows potential outcomes to vary arbitrarily across students with
different preferences over schools. Factors that lead students with the same observed char-
acteristics, spatial locations, and preferences to ultimately enroll in different schools, such
as school priorities, random rationing due to oversubscription, or noncompliance with the
assignment mechanism, are presumed to be unrelated to potential outcomes.

Under assumption (3.6), comparisons of matched sets of students with the same co-
variates, values of distance, and rank-ordered choice lists recover causal effects of school
attendance. This model is therefore similar to the “self-revelation” model proposed by Dale
and Krueger (2002; 2014) in the context of postsecondary enrollment. Dale and Krueger
assume that students reveal their unobserved “types” via the selectivity of their college ap-
plication portfolios, so college enrollment is as good as random among students that apply
to the same schools. Similarly, (3.6) implies that high school applicants reveal their types
through the content of their rank-ordered preference lists.

Though intuitively appealing, full nonparametric matching on rank-ordered lists is not
feasible in practice because few students share the exact same rankings. We therefore use the
structure of the logit choice model in equation (3.4) to derive a parametric approximation
to this matching procedure. Specifically, we replace equation (3.6) with the assumption:

J
EYy|Xi, Dismivmig, Si] = oy + X{6; +D§7+Z¢k X (i — pg) + X (M3 — ), J = 1.0,

k=1
(3.7)

where w, = FE[n;] is Euler’s constant.* As in the multinomial logit selection model of
Dubin and McFadden (1984), equation (3.7) imposes a linear relationship between potential
outcomes and the unobserved logit errors. Functional form assumptions of this sort are
common in multinomial selection models with many alternatives, where requirements for
nonparametric identification are very stringent (Lee, 1983; Dahl, 2002; Heckman, Urzua,
and Vytlacil, 2008).°

Equation (3.7) accommodates a variety of forms of selection on unobservables. The
coefficient v, represents an effect of the preference for school k£ common to all potential
outcomes. This permits students with strong preferences for particular schools to have
higher or lower general ability A;. The parameter ¢ captures an additional match effect
of the preference for school j on the potential outcome at this specific school. The model
therefore allows for “essential” heterogeneity linking preferences to unobserved match effects
in student outcomes (Heckman, Urzua, and Vytlacil, 2006b). A Roy (1951)-style model of
selection on gains would imply ¢ > 0, but we do not impose this restriction.

4The means of both X; and D; are normalized to zero to maintain the interpretation that aj = E[Yij].
5As discussed in Section 3.6, we also estimate an alternative model that includes fixed effects for first choice
schools.
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By iterated expectations, equation (3.7) implies that mean observed outcomes at school
J are:

J
E[Yi|X;, Dy, Ri, Si = j] = a; + X[B; + Dy + > _ thihe (Xi, Di, Ry) + 0X(X;, Dy, Ry), (3.8)
k=1

where A\, (X;, D;, R;) = E [nix — piy| Xi, D, R;] gives the mean preference for school k condi-
tional on a student’s characteristics, spatial location, and preference list. The Ag(-)’s serve
as “control functions” correcting for selection on unobservables (Heckman and Robb, 1985;
Blundell and Matzkin, 2014; Wooldridge, 2015). As shown in Appendix 3.12, these func-
tions are generalizations of the formulas derived by Dubin and McFadden (1984), extended
to account for the fact that we observe a list of several ranked alternatives rather than just
the most preferred choice.

Note that equation (3.8) includes main effects of distance to each school; we do not
impose an exclusion restriction for distance. Identification of the selection parameters vy
and ¢ comes from variation in preference rankings for students who enroll at the same school
conditional on covariates and distance. Intuitively, if students who rank school j highly do
better than expected given their observed characteristics at all schools, we will infer that
1; > 0. If these students do better than expected at school j but not elsewhere, we will infer
that ¢ > 0.

We use the choice model parameters to build first-step estimates of the control functions,
then estimate equation (3.8) in a second-step OLS regression of Y; on school indicators and
their interactions with Xj, controlling for D; and the estimated A\;(-) functions.® We adjust
inference for estimation error in the control functions via a two-step extension of the score
bootstrap procedure of Kline and Santos (2012). As detailed in Appendix 3.12, the score
bootstrap avoids the need to recalculate the first-step logit estimates or the inverse variance
matrix of the second-step regressors in the bootstrap iterations.

The joint distribution of peer quality and school effectiveness

Estimates of equations (3.5) and (3.7) may be used to calculate each school’s peer quality.
A student’s predicted ability in the value-added model is

J
A= [ay+ X3, (3.9)
j=1

6The choice model uses only preferences over schools in students’ home boroughs, so Ax(-) is undefined for
students outside school k’s borough. We therefore include dummies for missing values and code the control
functions to zero for these students. We similarly code D;j to zero for students outside of school k’s borough
and include borough indicators so that the distance coefficients are estimated using only within-borough
variation. Our key results are not sensitive to dropping students attending out-of-borough schools from the
sample.
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where &; and Bj are OLS value-added coefficients. Predicted ability in the control function
model adds estimates of the distance and control function terms in equation (3.8). Estimated
peer quality at school j is then Q; = 3, 1{S; = j}A;/ 3, 1{S; = j}, the average predicted
ability of enrolled students.

The end result of our school quality estimation procedure is a vector of estimates for
each school, éj = (&, A;,Qj)’ . The vector of parameters for the control function model

also includes an estimate of the selection coefficient for school j, @j. These estimates are

unbiased but noisy measures of the underlying school-specific parameters ¢;. We investigate

the distribution of 6; using the following hierarchical model:
0;10; ~ N(0;,€Y),

3.10
0 ~ N(pg, Xo). (310

Here €2; is the sampling variance of the estimator éj, while g and Yy govern the distribution
of latent parameters across schools. In a hierarchical Bayesian framework py and Yy are
hyperparameters describing a prior distribution for 6;. We estimate these hyperparameters
by maximum likelihood applied to model (3.10), approximating €2; with an estimate of the
asymptotic variance of éj.7 The resulting estimates of g and ¥y characterize the joint
distribution of peer quality and school treatment effect parameters, purged of the estimation
error in éj.

This hierarchical model can also be used to improve estimates of parameters for individual
schools. An empirical Bayes (EB) posterior mean for 6; is given by

A ~ -1 /. N ~
0= (07 +551) (970 + 55" ).

where Qj, 1p and 29 are estimates of {1;, 1y and Xy. Relative to the unbiased but noisy esti-
mate éj, this EB shrinkage estimator uses the prior distribution to reduce sampling variance
at the cost of increased bias, yielding a minimum mean squared error (MSE) prediction of 6,
(Robbins, 1956; Morris, 1983). This approach parallels recent work applying shrinkage meth-
ods to estimate causal effects of teachers, schools, neighborhoods, and hospitals (Chetty et al.,
2014a; Hull, 2016; Angrist et al., 2017; Chetty and Hendren, 2017; Finkelstein, Gentzkow,
Hull, and Williams, 2017). Appendix 3.12 further describes our EB estimation strategy. In
addition to reducing MSE, empirical Bayes shrinkage eliminates attenuation bias that would
arise in models using elements of éj as regressors (Jacob and Lefgren, 2008). We exploit this
property by regressing estimates of school popularity on EB posterior means in the final step
of our empirical analysis.

“The peer quality estimates Qj are typically very precise, so we treat peer quality as known rather than
estimated when fitting the hierarchical model.
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Linking Preferences to School Effectiveness

We relate preferences to peer quality and causal effects with regressions of the form:

~

0cj = Ke + P1Q; + peATET + psM7; + &cj (3.11)

where &;j is an estimate of the mean utility of school j for students in covariate cell ¢, k. is
a cell fixed effect, and @7 and ATE} are EB posterior mean predictions of peer quality and
average treatment effects. The variable M}; is an EB prediction of the mean match effect of
school j for students in cell ¢. Observations in equation (3.11) are weighted by the inverse
sampling variance of Scj. We use the variance estimator proposed by Cameron, Gelbach, and
Miller (2011) to double-cluster inference by cell and school. Two-way clustering accounts
for correlated estimation errors in 56]- across schools within a cell as well as unobserved
determinants of popularity common to a given school across cells.

We estimate equation (3.11) separately for Regents test scores, PSAT scores, high school
graduation, college attendance, and college quality. The parameters p;, p2, and p3 measure
how preferences relate to peer quality, overall school effectiveness, and match quality.

3.5 Parameter Estimates

Preference Parameters

Table 3.3 summarizes the distribution of household preference parameters across the 316 high
schools and 360 covariate cells in the choice sample. The first row reports estimated standard
deviations of the mean utility d.; across schools and cells, while the second row displays the
mean and standard deviation of the cell-specific distance cost 7.. School mean utilities
are deviated from cell averages to account for differences in the reference category across
boroughs, and calculations are weighted by cell size. We adjust these standard deviations
for sampling error in the estimated preference parameters by subtracting the average squared
standard error from the sample variance of mean utilities.

Consistent with the descriptive statistics in Table 3.1, the preference estimates indicate
that households dislike more distant schools. The mean distance cost is 0.33. This im-
plies that increasing the distance to a particular school by one mile reduces the odds that a
household prefers this school to another in the same borough by 33 percent. The standard
deviation of the distance cost across covariate cells is 0.12. While there is significant hetero-
geneity in distastes for distance, all of the estimated distance costs are positive, suggesting
that all subgroups prefer schools closer to home.

The estimates in Table 3.3 reveal significant heterogeneity in tastes for schools both
within and between subgroups. The within-cell standard deviation of school mean utilities,
which measures the variation in d.; across schools j for a fixed cell ¢, equals 1.12. This is
equivalent to roughly 3.4 (1.12/0.33) miles of distance, implying that households are willing
to travel substantial distances to attend more popular schools. The between-cell standard
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deviation, which measures variation in d.; across c for a fixed j, is 0.50, equivalent to about
1.5 (0.50/0.33) miles of distance. The larger within-cell standard deviation indicates that
students in different subgroups tend to prefer the same schools.

School Effectiveness and Peer Quality

Our estimates of school treatment effects imply substantial variation in both causal effects
and sorting across schools. Table 3.4 reports estimated means and standard deviations of
peer quality ();, average treatment effects ATE;, and slope coefficients ;. We normalize
the means of ); and ATE; to zero and quantify the variation in these parameters relative
to the average school. As shown in column (2), the value-added model produces standard
deviations of @); and ATE; for Regents math scores equal to 0.290. This is somewhat
larger than corresponding estimates of variation in school value-added from previous studies
(usually around 0.15 — 0.207; see, e.g., Angrist et al., 2017). One possible reason for this
difference is that most students in our sample attend high school for two years before taking
Regents math exams, while previous studies look at impacts after one year.

As shown in columns (3) and (4) of Table 3.4, the control function model attributes some
of the variation in Regents math value-added parameters to selection bias. Adding controls
for unobserved preferences and distance increases the estimated standard deviation of @), to
0.31c and reduces the estimated standard deviation of AT'E; to 0.230. Figure 3.1, which
compares value-added and control function estimates for all five outcomes, demonstrates
that this pattern holds for other outcomes as well: adjusting for selection on unobservables
compresses the estimated distributions of treatment effects. This compression is more severe
for high school graduation, college attendance, and college quality than for Regents math
and PSAT scores. Our findings are therefore consistent with previous evidence that bias in
OLS value-added models is more important for longer-run and non-test score outcomes (see,
e.g., Chetty et al., 2014b).

The bottom rows of Table 3.4 show evidence of substantial treatment effect heterogene-
ity across students. For example, the standard deviation of the slope coefficient on a black
indicator equals 0.12¢ in the control function model. This implies that holding the average
treatment effect AT'E; fixed, a one standard deviation improvement in a school’s match
quality for black students boosts scores for these students by about a tenth of a standard
deviation relative to whites. We also find significant variation in slope coefficients for gender
(0.060), hispanic (0.110), subsidized lunch status (0.050), the log of median census tract
income (0.050), and eighth grade math and reading scores (0.110 and 0.050). The final row
of column (3) reports a control function estimate of ¢, the parameter capturing matching
between unobserved preferences and Regents scores. This estimate indicates a positive re-
lationship between preferences and the unobserved component of student-specific test score
gains, but the magnitude of the coefficient is very small.®

8The average predicted value of (mij — ) for a student’s enrolled school in our sample is 2.0. Our estimate
of ¢ therefore implies that unobserved match effects increase average test scores by about one percent of a



CHAPTER 3. DO PARENTS VALUE SCHOOL EFFECTIVENESS? 111

Our estimates imply that high-ability students tend to enroll in more effective schools.
Table 3.5 reports correlations between (); and school treatment effect parameters based on
control function estimates for Regents math scores. Corresponding value-added estimates
appear in Appendix Table 3.12. The estimated correlation between peer quality and average
treatment effects is 0.59. This may reflect either positive peer effects or higher-achieving
students’ tendency to enroll in schools with better inputs. Our finding that schools with
high-ability peers are more effective contrasts with recent studies of exam schools in New
York City and Boston, which show limited treatment effects for highly selective public schools
(Abdulkadiroglu et al., 2014; Dobbie and Fryer, 2014). Within the broader New York public
high school system, we find a strong positive association between school effectiveness and
average student ability.

Table 3.4 also reports estimated correlations of (); and AT'E; with the elements of the
slope coefficient vector ;. Schools with larger average treatment effects tend to be especially
good for girls: the correlation between AT'E; and the female slope coefficient is positive and
statistically significant. This is consistent with evidence from Deming, Hastings, Kane, and
Staiger (2014) showing that girls’ outcomes are more responsive to school value-added. We
estimate a very high positive correlation between black and hispanic coefficients, suggesting
that match effects tend to be similar for these two groups.

The slope coefficient on eighth grade reading scores is negatively correlated with peer
quality and the average treatment effect. Both of these estimated correlations are below
-0.4 and statistically significant. In other words, schools that enroll higher-ability students
and produce larger achievement gains are especially effective at teaching low-achievers. In
contrast to our estimate of the parameter ¢, this suggests negative selection on the observed
component of match effects in student achievement. Section 3.6 presents a more systematic
investigation of this pattern by documenting the net relationship between preferences and
treatment effects combining all student characteristics.

Patterns of estimates for PSAT scores, high school graduation, college attendance, and
college quality are generally similar to results for Regents math scores. Appendix Tables
3.13-3.16 present estimated distributions of peer quality and school effectiveness for these
longer-run outcomes. For all five outcomes, we find substantial variation in peer quality
and average treatment effects, a strong positive correlation between these variables, and
significant effect heterogeneity with respect to student characteristics. Overall, causal effects
for the longer-run outcomes are highly correlated with effects on Regents math scores. This is
evident in Figure 3.2, which plots EB posterior mean predictions of average treatment effects
on Regents scores against corresponding predictions for the other four outcomes. These
results are consistent with recent evidence that short-run test score impacts reliably predict
effects on longer-run outcomes (Chetty et al., 2011; Dynarski, Hyman, and Schanzenbach,
2013; Angrist, Cohodes, Dynarski, Pathak, and Walters, 2016a).

standard deviation (0.0060 x 2.0 = 0.0120).
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Decomposition of School Average Outcomes

We summarize the joint distribution of peer quality and school effectiveness by implementing
the decomposition introduced in Section 3.3. Table 3.6 uses the control function estimates to
decompose variation in school averages for each outcome into components explained by peer
quality, school effectiveness, average match effects, and covariances of these components.

Consistent with the estimates in Table 3.4, both peer quality and school effectiveness
play roles in generating variation in school average outcomes, but peer quality is generally
more important. Peer quality explains 47 percent of the variance in average Regents scores
(0.093/0.191), while average treatment effects explain 28 percent (0.054/0.191). The ex-
planatory power of peer quality for other outcomes ranges from 49 percent (PSAT scores)
to 83 percent (high school graduation), while the importance of average treatment effects
ranges from 10 percent (PSAT scores) to 19 percent (log college quality).

Despite the significant variation in slope coefficients documented in Table 3.4, match
effects are unimportant in explaining dispersion in school average outcomes. The variance of
match effects accounts for only five percent of the variation in average Regents scores, and
corresponding estimates for the other outcomes are also small. Although school treatment
effects vary substantially across subgroups, there is not much sorting of students to schools
on this basis, so the existence of potential match effects is of little consequence for realized
variation in outcomes across schools.

The final three rows of Table 3.6 quantify the contributions of covariances among peer
quality, treatment effects, and match effects. As a result of the positive relationship between
peer quality and school effectiveness, the covariance between (); and ATE; substantially
increases cross-school dispersion in mean outcomes. The covariances between match effects
and the other variance components are negative. This indicates that students at highly
effective schools and schools with higher-ability students are less appropriately matched
on the heterogeneous component of treatment effects, slightly reducing variation in school
average outcomes.

3.6 Preferences, Peer Quality, and School
Effectiveness

Productivity vs. Peers

The last step of our analysis compares the relative strength of peer quality and school
effectiveness as predictors of parent preferences. Table 3.7 reports estimates of equation
(3.11) for Regents math scores, first including Q3 and AT EY one at a time and then including
both variables simultaneously. Mean utilities, peer quality, and treatment effects are scaled
in standard deviations of their respective school-level distributions, so the estimates can be
interpreted as the standard deviation change in mean utility associated with a one standard
deviation increase in @); or AT'E;.
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Bivariate regressions show that school popularity is positively correlated with both peer
quality and school effectiveness. Results based on the OLS value-added model, reported in
columns (1) and (2), imply that a one standard deviation increase in ), is associated with
a 0.42 standard deviation increase in mean utility, while a one standard deviation increase
in ATE; is associated with a 0.24 standard deviation increase in mean utility. The latter
result contrasts with studies reporting no average test score impact of attending preferred
schools (Cullen et al., 2006; Hastings et al., 2009). These studies rely on admission lotteries
that shift relatively small numbers of students across a limited range of schools. Our results
show that looking across all high schools in New York City, more popular schools tend to be
more effective on average.

While preferences are positively correlated with school effectiveness, however, this rela-
tionship is entirely explained by peer quality. Column (3) shows that when both variables
are included together, the coefficient on peer quality is essentially unchanged, while the
coefficient on the average treatment effect is rendered small and statistically insignificant.
The ATE; coefficient also remains precise: we can rule out increases in mean utility on the
order of 0.06 standard deviations associated with a one standard deviation change in school
value-added at conventional significance levels. The control function estimates in columns
(5)-(7) are similar to the value-added estimates; in fact, the control function results show
a small, marginally statistically significant negative association between school effectiveness
and popularity after controlling for peer quality.

Columns (4) and (8) of Table 3.7 explore the role of treatment effect heterogeneity by
adding posterior mean predictions of match quality to equation (3.11), also scaled in standard
deviation units of the distribution of match effects across schools and cells. The match
coefficient is negative for both the value-added and control function models, and the control
function estimate is statistically significant. This reflects the negative correlation between
baseline test score slope coefficients and peer quality reported in Table 3.5: schools that
are especially effective for low-achieving students tend to be more popular among high-
achievers and therefore enroll more of these students despite their lower match quality. This is
consistent with recent studies of selection into early-childhood programs and charter schools,
which also find negative selection on test score match effects (Cornelissen, Dustmann, Raute,
and Schoénberg, 2016; Kline and Walters, 2016; Walters, 2018).

Figure 3.3 presents a graphical summary of the links among preferences, peer quality, and
treatment effects by plotting bivariate and multivariate relationships between mean utility
(averaged across covariate cells) and posterior predictions of (); and AT'E; from the control
function model. Panel A shows strong positive bivariate correlations for both variables.
Panel B plots mean utilities against residuals from a regression of Q3 on ATE} (left-hand
panel) and residuals from a regression of ATE} on @} (right-hand panel). Adjusting for
school effectiveness has little effect on the relationship between preferences and peer quality.
In contrast, partialing out peer quality eliminates the positive association between popularity
and effectiveness.
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Preferences and Effects on Longer-run Outcomes

Parents may care about treatment effects on outcomes other than short-run standardized
test scores. We explore this by estimating equation (3.11) for PSAT scores, high school
graduation, college attendance, and log college quality.

Results for these outcomes are similar to the findings for Regents math scores: prefer-
ences are positively correlated with average treatment effects in a bivariate sense but are
uncorrelated with treatment effects conditional on peer quality. Table 3.8 reports results
based on control function estimates of treatment effects. The magnitudes of all treatment
effect coefficients are small, and the overall pattern of results suggests no systematic relation-
ship between preferences and school effectiveness conditional on peer composition. We find
a modest positive relationship between preferences and match effects for log college quality,
but corresponding estimates for PSAT scores, high school graduation, and college attendance
are small and statistically insignificant. This pattern contrasts with results for the Norwe-
gian higher education system, reported by Kirkebgen, Leuven, and Mogstad (2016), which
show sorting into fields of study based on heterogeneous earnings gains. Unlike Norwegian
college students, New York City’s high school students do not prefer schools with higher
academic match quality.

Heterogeneity in Preferences for Peer and School Quality

Previous evidence suggests that parents of higher-income, higher-achieving students place
more weight on academic performance levels when choosing schools (Hastings et al., 2009).
This pattern may reflect either greater responsiveness to peer quality or more sensitivity
to causal school effectiveness. If parents of high-achievers value school effectiveness, choice
may indirectly create incentives for schools to improve because better instruction will attract
high-ability students, raising peer quality and therefore demand from other households. In
Table 3.9 we investigate this issue by estimating equation (3.11) separately by sex, race,
subsidized lunch status, and baseline test score category.

We find that no subgroup of households responds to causal school effectiveness. Con-
sistent with previous work, we find larger coefficients on peer quality among non-minority
students, richer students (those ineligible for subsidized lunches), and students with high
baseline achievement. We do not interpret this as direct evidence of stronger preferences for
peer ability among higher-ability students; since students are more likely to enroll at schools
they rank highly, any group component to preferences will lead to a positive association
between students’ rankings and the enrollment share of others in the same group.® The key
pattern in Table 3.9 is that, among schools with similar peer quality, no group prefers schools
with greater causal impacts on academic achievement.

9This is a version of the “reflection problem” that plagues econometric investigations of peer effects (Manski,
1993).
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Alternative Specifications

We investigate the robustness of our key results by estimating a variety of alternative specifi-
cations, reported in Appendix Tables 3.17-3.19. To assess the sensitivity of our estimates to
reasonable changes in our measure of school popularity, Appendix Table 3.17 displays results
from models replacing 56]- in equation (3.11) with the log share of students in a cell ranking
a school first or minus the log sum of ranks in the cell (treating unranked schools as tied).
These alternative measures of demand produce very similar results to the rank-ordered logit
results in Table 3.7.

Estimates based on students’ submitted rankings may not accurately describe demand
if students strategically misreport their preferences in response to the 12-choice constraint
on list length. As noted in Section 3.2, truthful reporting is a dominant strategy for the 72
percent of students that list fewer than 12 choices. Appendix Table 3.18 reports results based
on rank-ordered logit models estimated in the subsample of unconstrained students. Results
here are again similar to the full sample estimates, suggesting that strategic misreporting is
not an important concern in our setting.

Equation (3.8) parameterizes the relationship between potential outcomes and prefer-
ence rankings through the control functions A\ (-). Columns (1)-(4) of Appendix Table 3.19
present an alternative parameterization that replaces the control functions with fixed ef-
fects for first choice schools. This approach ignores information on lower-ranked schools
but more closely parallels the application portfolio matching approach in Dale and Krueger
(2002; 2014). As a second alternative specification, columns (5)-(8) report estimates from a
control function model that drops the distance control variables from equation (3.8). This
model relies on an exclusion restriction for distance, a common identification strategy in the
literature on educational choice (Card, 1995; Neal, 1997; Booker, Sass, Gill, and Zimmer,
2011; Walters, 2018; Mountjoy, 2017). These alternative approaches to estimating school
effectiveness produce no meaningful changes in the results.

3.7 Discussion

The findings reported here inform models of school choice commonly considered in the lit-
erature. Theoretical analyses often assume parents know students’ potential achievement
outcomes and choose between schools on this basis. For example, Epple et al. (2004) and
Epple and Romano (2008) study models in which parents value academic achievement and
consumption of other goods, and care about peer quality only insofar as it produces higher
achievement through peer effects. Hoxby (2000) argues that school choice may increase
achievement by allowing students to sort on match quality. Such models imply that de-
mand should be positively correlated with both average treatment effects and match effects
conditional on peer quality, a prediction that is inconsistent with the pattern in Table 3.7.
Parents may choose between schools based on test score levels rather than treatment
effects. Cullen et al. (2006) suggest confusion between levels and gains may explain limited
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effects of admission to preferred schools in Chicago. Since our setting has substantial varia-
tion in both levels and value-added, we can more thoroughly investigate this model of parent
decision-making. If parents choose between schools based on average outcomes, increases
in these outcomes due to selection and causal effectiveness should produce equal effects on
popularity. In contrast, we find that demand only responds to the component of average
outcomes that is due to enrollment of higher-ability students. That is, we can reject the view
that parental demand is driven by performance levels: demand places no weight on the part
of performance levels explained by value-added but significant weight on the part explained
by peer quality.

It is important to note that our findings do not imply parents are uninterested in school
effectiveness. Without direct information about treatment effects, for example, parents may
use peer characteristics as a proxy for school quality, as in MacLeod and Urquiola (2015).
In view of the positive correlation between peer quality and school effectiveness, this is a
reasonable strategy for parents that cannot observe treatment effects and wish to choose
effective schools. Effectiveness varies widely conditional on peer quality, however, so parents
make substantial sacrifices in academic quality by not ranking schools based on effectiveness.
Table 3.10 compares Regents math effects for observed preference rankings vs. hypothet-
ical rankings in which parents order schools according to their effectiveness. The average
treatment effect of first-choice schools would improve from 0.07¢ to 0.43¢ if parents ranked
schools based on effectiveness, and the average match effect would increase from —0.040
to 0.160. This implies that the average student loses more than half a standard deviation
in math achievement by enrolling in her first-choice school rather than the most effective
option.

The statistics in Table 3.10 suggest that if information frictions prevent parents from
ranking schools based on effectiveness, providing information about school effectiveness could
alter school choices considerably. These changes may be particularly valuable for disadvan-
taged students. As shown in Appendix Table 3.20, gaps in effectiveness between observed
first-choice schools and achievement-maximizing choices are larger for students with lower
baseline achievement. This is driven by the stronger relationship between peer quality and
preferences for more-advantaged parents documented in Table 3.9. These results suggest
reducing information barriers could lead to differential increases in school quality for disad-
vantaged students and reduce inequality in student achievement. On the other hand, the
patterns documented here may also reflect parents’ valuation of school amenities other than
academic effectiveness rather than a lack of information about treatment effects.

Regardless of why parents respond to peer quality rather than school effectiveness, our
results have important implications for the incentive effects of school choice programs. Since
parents only respond to the component of school average outcomes that can be predicted by
the ability of enrolled students, our estimates imply a school wishing to boost its popularity
must recruit better students; improving outcomes by increasing causal effectiveness for a
fixed set of students will have no impact on parent demand. Our results therefore suggest
that choice may create incentives for schools to invest in screening and selection.

The evolution of admissions criteria used at New York City’s high schools is consistent
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with the implication that schools have an increased incentive to screen applicants due to par-
ents’ demand for high-ability peers. After the first year of the new assignment mechanism,
several school programs eliminated all lottery-based admissions procedures and became en-
tirely screened. In the 2003-04 high school brochure, 36.8 percent of programs are screened,
and this fraction jumps to 40.3 percent two years later. The Beacon High School in Manhat-
tan, for example, switched from a school where half of the seats were assigned via random
lottery in 2003-04 to a screened school the following year, where admissions is based on test
performance, an interview and a portfolio of essays. Leo Goldstein High School for Sciences
in Brooklyn underwent a similar transition. Both high schools frequent lists of New York
City;s best public high schools (Linge and Tanzer, 2016). Compared to the first years of the
new system, there has also been growth in the number of limited unscreened programs, which
use a lottery but also give priority to students who attend an open house or high school fair.
Compared to unscreened programs, prioritizing applicants who attend an information session
provides an ordeal that favors applicants with time and resources thus resulting in positive
selection (Disare, 2017). The number of limited unscreened programs nearly doubled from
106 to 210 from 2005 to 2012 (Nathanson, Corcoran, and Baker-Smith, 2013).

3.8 Conclusion

A central motivation for school choice programs is that parents’ choices generate demand-
side pressure for improved school productivity. We investigate this possibility by comparing
estimates of school popularity and treatment effects based on rank-ordered preference data
for applicants to public high schools in New York City. Parents prefer schools that enroll
higher-achieving peers. Conditional on peer quality, however, parents’ choices are unrelated
to causal school effectiveness. Moreoever, no subgroup of parents systematically responds
to causal school effectiveness. We also find no relationship between preferences for schools
and estimated match quality. This indicates that choice does not lead students to sort into
schools on the basis of comparative advantage in academic achievement.

This pattern of findings has important implications for the expected effects of school
choice programs. Our results on match quality suggest choice is unlikely to increase alloca-
tive efficiency. Our findings regarding peer quality and average treatment effects suggest
choice may create incentives for increased screening rather than academic effectiveness. If
parents respond to peer quality but not causal effects, a school’s easiest path to boosting its
popularity is to improve the average ability of its student population. Since peer quality is a
fixed resource, this creates the potential for socially costly zero-sum competition as schools
invest in mechanisms to attract the best students. MacLeod and Urquiola (2015) argue that
restricting a school’s ability to select pupils may promote efficiency when student choices are
based on school reputation. The impact of school choice on effort devoted to screening is an
important empirical question for future research.

While we have shown that parents do not choose schools based on causal effects for a
variety of educational outcomes, we cannot rule out the possibility that preferences are de-
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termined by effects on unmeasured outcomes. Parents may be sensitive to school safety or
other non-academic amenities, for example. Our analysis also does not address why parents
put more weight on peer quality than on treatment effects. If parents rely on student compo-
sition as a proxy for effectiveness, coupling school choice with credible information on causal
effects may strengthen incentives for improved productivity and weaken the association be-
tween preferences and peer ability. Distinguishing between true tastes for peer quality and
information frictions is another challenge for future work.

3.9 Figures
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Figure 3.3: Relationships among preferences, peer quality, and Regents math effects

A. Bivariate relationships
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Notes: This figure plots school mean utility estimates against estimates of peer quality and Regents
math average treatment effects. Mean utilities are school average residuals from a regression of school-
by-covariate cell mean utility estimates on cell indicators. Peer quality is defined as the average predicted

Regents math score for enrolled students.

Regents math effects are empirical Bayes posterior mean

estimates of school average treatment effects from control function models. The left plot in Panel A
displays the bivariate relationship between mean utility and per quality, while the right plot shows the
bivariate relationship between mean utility and Regents math effects. The left plot in Panel B displays
the relationship between mean utility and residuals from a regression of peer quality on Regents math
effects, while the right plot shows the relationship between mean utility and residuals from a regression
of Regents math effects on peer quality. Dashed lines are ordinary least squares regression lines.

3.10 Tables
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Table 3.1: Descriptive Statistics for New York City Eighth Graders

Outcome samples

Choice sample  Regents math PSAT HS graduation College
Q)] @ (€)] “4) &)
Female 0.497 0.518 0.532 0.500 0.500
Black 0.353 0.377 0.359 0.376 0.372
Hispanic 0.381 0.388 0.384 0.399 0.403
Subsidized lunch 0.654 0.674 0.667 0.680 0.700
Census tract median income $50,136 $50,004 $49,993 $49,318 $49,243
Bronx 0.231 0.221 0.226 0.236 0.239
Brooklyn 0.327 0.317 0.335 0.339 0.333
Manhattan 0.118 0.118 0.119 0.116 0.116
Queens 0.259 0.281 0.255 0.250 0.253
Staten Island 0.065 0.063 0.064 0.059 0.059
Regents math score 0.000 -0.068 0.044 -0.068 -0.044
PSAT score 120 116 116 116 115
High school graduation 0.587 0.763 0.789 0.610 0.624
Attended college 0.463 0.588 0.616 0.478 0.478
College quality $31,974 $33,934 $35,010 $31,454 $31,454
N 270157 155850 149365 230087 173254

Notes: This table shows descriptive statistics for applicants to New York City public high schools between
the 2003-2004 and 2006-2007 school years. Column (1) reports average characteristics and outcomes for
all applicants with complete information on preferences, demographics, and eighth-grade test scores.
Columns (2)-(5) display characteristics for the Regents math, PSAT, high school graduation, and college
outcome samples. Outcome samples are restricted to students with data on the relevant outcome, enrolled
in for ninth grade at schools with at least 50 students for each outcome. Regents math scores are
normalized to mean zero and standard deviation one in the choice sample. High school graduation equals
one for students who graduate from a New York City high school within five years of the end of their
eighth grade year. College attendance equals one for students enrolled in any college within two years
of projected high school graduation. College quality is the mean 2014 income for individuals in the
1980-1982 birth cohorts who attended a student’s college. This variable equals the mean income in the
non-college population for students who did not attend college. The college outcome sample excludes
students in the 2003-2004 cohort. Census tract median income is median household income measured
in 2015 dollars using data from the 2011-2015 American Community Surveys. Regents math, PSAT,
graduation, and college outcome statistics exclude students with missing values.
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Table 3.2: Correlates of Preference Rankings for New York City High Schools

Fraction Same Regents
reporting borough Distance math score
(1) (2) 3) 4)

Choice 1 1.000 0.849 2.71 0.200
Choice 2 0.929 0.844 2.94 0.149
Choice 3 0.885 0.839 3.04 0.116
Choice 4 0.825 0.828 3.12 0.085
Choice 5 0.754 0.816 3.18 0.057
Choice 6 0.676 0.803 3.23 0.030
Choice 7 0.594 0.791 3.28 0.009
Choice 8 0.523 0.780 3.29 -0.013
Choice 9 0.458 0.775 3.31 -0.031
Choice 10 0.402 0.773 3.32 -0.051
Choice 11 0.345 0.774 3.26 -0.071
Choice 12 0.278 0.787 3.04 -0.107

Notes: This table reports average characteristics of New York City high schools by student preference
rank. Column (1) displays fractions of student applications listing each choice. Column (2) reports the
fraction of listed schools located in the same borough as a student’s home address. Column (3) reports
the mean distance between a student’s home address and each ranked school, measured in miles. This
column excludes schools outside the home borough. Column (4) shows average Regents math scores in
standard deviation units relative to the New York City average.
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Table 3.3: Variation in Student Preference Parameters

Standard deviations

Mean Within cells  Between cells Total
€9) 2 (€)) “
School mean utility - 1.117 0.500 1.223
(0.045) (0.003) (0.018)
Distance cost 0.330 - 0.120 0.120
(0.006) (0.005) (0.005)
Number of students 270157
Number of schools 316
Number of covariate cells 360

Notes: This table summarizes variation in school value-added and utility parameters across schools and
covariate cells. Utility estimates come from rank-ordered logit models fit to student preference rankings.
These models include school indicators and distance to school and are estimated separately in covariate
cells defined by borough, gender, race, subsidized lunch status, an indicator for above or below the
median of census tract median income, and tercile of the average of eighth grade math and reading
scores. Column (1) shows the mean of the distance coefficient across cells weighted by cell size. Column
(2) shows the standard deviation of school mean utilities across schools within a cell, and column (3)
shows the standard deviation of a given school’s mean utility across cells. School mean utilities are
deviated from cell averages to account for differences in the reference category across cells. Estimated
standard deviations are adjusted for sampling error by subtracting the average squared standard error of
the parameter estimates from the total variance.



CHAPTER 3. DO PARENTS VALUE SCHOOL EFFECTIVENESS? 125

Table 3.4: Distributions of Peer Quality and Treatment Effect Parameters for Regents Math
Scores

Value-added model Control function model
Mean Std. dev. Mean Std. dev.
(@) 2 (€) 4

Peer quality 0 0.288 0 0.305
- (0.012) - (0.012)

ATE 0 0.290 0 0.233
- (0.012) - (0.014)

Female -0.048 0.062 -0.029 0.062
(0.005) (0.006) (0.005) (0.006)

Black -0.112 0.130 -0.108 0.120
(0.011) (0.011) (0.010) (0.011)

Hispanic -0.097 0.114 -0.085 0.105
(0.010) (0.011) (0.010) (0.012)

Subsidized lunch 0.001 0.052 0.026 0.054
(0.005) (0.006) (0.005) (0.006)

Log census tract median income 0.020 0.037 0.013 0.045
(0.005) (0.007) (0.005) (0.006)

Eighth grade math score 0.622 0.105 0.599 0.105
(0.007) (0.006) (0.007) (0.006)

Eighth grade reading score 0.159 0.048 0.143 0.052
(0.004) (0.004) (0.004) (0.004)

Preference coefficient (1)) - - -0.001 0.007
(0.001) (0.000)

Match coefficient (¢) - - 0.006 -
(0.001)

Notes: This table reports estimated means and standard deviations of peer quality and school treatment
effect parameters for Regents math scores. Peer quality is a school’s average predicted test score given the
characteristics of its students. The ATE is a school’s average treatment effect, and other treatment effect
parameters are school-specific interactions with student characteristics. Estimates come from maximum
likelihood models fit to school-specific regression coefficients. Columns (1) and (2) report estimates from
an OLS regression that includes interactions of school indicators with sex, race, subsidized lunch, the log
of the median income in a student’s census tract, and eighth grade reading and math scores. This model
also includes main effects of borough. Columns (3) and (4) show estimates from a control function model
that adds distance to each school and predicted unobserved preferences from the choice model. Control
functions and distance variables are set to zero for out-of-borough schools and indicators for missing
values are included.



126

DO PARENTS VALUE SCHOOL EFFECTIVENESS?

CHAPTER 3.

‘[opou 99101 9} WIOIJ $9ISB) POAISS(OUT PUR [0OTDS 0} dDURISIP ‘SOIISLIOIIRIRTD PIAIISCO I0]
SuI[0I}U0D [OPOW UOI}OUNJ [OIJUOD B WOIJ SYUSIIIJI0D UOISSIITOI OPIdS-[00TDS 0} 1 S[OPOUW POOYI[NI]
WNWIXEW WOIJ dUWI0D SOJRWINISF "SOISIIOLORIRYD JUOPI)S M SUOIFIRIUL dPYI0ads-[001s aIe siojoutrered
109]J0 JUSUI}BSI} IOY)O PUR ‘}00]d JUSUI}RI} 9FeIoA® S, JOOTDS € ST Y 9UJ, "S0I0S (et sjuaSay I0j S19)d
-urered 109]jo JULUIYESI) 0OYDS pue ATenb 1ood usom)aq SUOIIR[SII0d Pajewin}ss sy1odal a[qe) ST, [S910N

(660°0) (€80°0) (0€1°0) (911°0) (111°0) (901°0) #01°0) (260°0) (€90°0)
187°0- 120" 91€°0 LT1°0" 850°0- €80°0- TIT0 L¥YT0 620 (‘e yuoro13000 GoULIFEIJ
(660°0) (ss1°0) (s€1°0) (8€1°0) (0€1°0) L11ro) (¥60°0) (890°0)
9570 980°0 ¥00°0 8L0°0- 060°0- €61°0- w0 81+°0- 2109s Surpea: apess3 yiySig
(0€1°0) (€11°0) (601°0) (zo1°0) (660°0) (€80°0) #90°0)
LT0°0 090°0 L00°0- $00°0- ¥L00- LEO0 SLO0- 2100s yyew apeid yySrg
(€81°0) (881°0) (9L1°0) (291°0) (¥€1°0) (660°0)
082°0- S¥0°0- 6£T°0- 010°0- 890°0 SE0°0 AWl Jor) SNSUAD S0
(651°0) (€s1°0) (0r1°0) Liro) (980°0)
£00°0 8€0°0- 990°0 891°0- S¥0°0 youn| pazipisqng
(820°0) (0s1°0) (T1iro) (080°0)
760 S€T0- SIT°0 €100 oruedsiy
(Tr1°0) (901°0) (LL0"0)
LL10 LO1°0 9000 Jyoerd
(101°0) (8L0°0)
6670 8L0°0 o[ewd{
(250°0)
88570 HLV
(6) (8) ) 9) (©) €2 (€) (@) (1)
2100s Surpeay 9109s e\ -our joen SoT  younj ‘qng oruedsry yoerg J[ewa 1V Kyienb
s1o1oweled uonouny [0NU0D) 199

$9I00G YR\ SYUS0Y] I0] SIojoureIe 100[5] JUSUIIRDI], Pue A[eny) 109 JO SUOIIR[OIIO)) G'¢ d[qR],



127

CHAPTER 3. DO PARENTS VALUE SCHOOL EFFECTIVENESS?

‘spuou0duIod 9SoY) JO SOOURLIBAOD MOYS SMOI FUIUTRWIDIL ST, "100[0 DB d1[3 JO
ootreLIRA o) SARIASIP MOI [[1INOJ oY} PUR ‘I JO 9oueLIeA oY) $310doI MOI PIIY) O], "S9IS®) POAIOSqOUN
pue SO1SII9)ORIRYD JUSPNIS JO UOMOUNJ ® S8 dWO0dNo Paldipald ofeioar oY) se paugep ‘Ajenb 1oad jo
90URLIBA 9T} S}I0ddI MOI PUOIS O], "S[OOYDS SSOIOB SOUWIOIINO IFBIOAR JO dOURLIBA [B}0} o) S3I0doI MOI
9811y oY ], “A31enb 98a7[00 0] 10] synser smoys (G) UWN[OD pue ‘@dURPUI))R 939][00 10} synsal syiodar (§)
umwnjod ‘uoryenpeid [0oyws Y3y I0] sejetnyso sAe[dsip (g) ummod ‘so100s TS 10} seyewiso syprodal (g)
UWN[OD ‘SHUN UOIJRIADD PIRPUR)S Ul S0I00S (IR $)U0G80Y] I0] SHMSOI SMOUS (]) UWMN[O)) ‘SI[(RAIISCOUN
U0 UOTI0s[ds I0J Jurjsnlpe S[EPOW UOIOUNJ [OIJUOD WOIJ dUWO0D SOJRMIIISH "SIO0[S [O0UDS PUR SOISLIOJOR
-IRD JUSPNIS USM)O] [OJRW o) pUe ‘(HIY) S109je JUouIieal) 9SRIoA® [00UDS ‘SOISLIo)ORIRYD JUSPI)S AQ
poure[dxe sjueuoduwod OJUI S[OOYDS SSOIOR SOUIOIINO OFRIDAR Ul UOIRLIBA SOSOdUWI009D d[qe} SIYJ, :S910N

£€00°0- $00°0- $00°0- 890°0- T°0°0- (yorewr ‘gL v)A007
200°0- £€00°0- £€00°0- 190°0- €200 (yorew “Kypenb 102d)a0dg
110°0 800°0 $00°0 SYL0 180°0 (LVv “Aupenb 1ad)a0)g
100°0 2000 2000 LT0°0 800°0 UOJEW JO AJUBLIEA
000 £00°0 2000 091°0 ¥50°0 ALV JO ddoueLIEA
6000 0100 0100 18L°0 €60°0 Aypenb 10ad jo soueLiep
120°0 9100 7100 986°1 161°0 aWI00)NO OFIOAE JO OUBLIEA [€JO],

() ) (©) @) (3]
Aypenb o3a7100 30T 9ouepuape 930[j0)  uonenpeid 01/2100s 1VSd yjew sjuaday

[00Ys ySIH

SOM02N() 9FRISAY [00TDG Jo uorysodurodd( :9°¢ S[qr],



128

CHAPTER 3. DO PARENTS VALUE SCHOOL EFFECTIVENESS?

‘(199 93BLIBRAOD pUR [00TDS Aq
POI9ISNID -9[qNOP I8 SIOIId PIBPURIS "SOPRTISd AN UBIW 9} JO I0IId PIBPURIS PAIRNDS o1} JO 9SIOAUT
oy} Aq JS1oM PUR SIOYEIIPUI [[90 OPNIOUI SUOISSAIZAL [[Y "S[OPOW UOIJOUNJ [OIJUO0D WOdJ SMsal 310dol
(8)-(g) summnyoo o[iym ‘S[opowl pappe-an[ea Wolj synsal 1odal (f)-(1) suwnjoy) ‘sjun UoIjeIAdp PIRPUR)S
Ul Pa[eIS aIe s109fe Juotnjear) pue ‘Ajenb rood ‘Somi[iyn Uesy S100f0 [IRUW SHUSSAY JO suorjoripard
ugowW JI0LI0Is0d soArg [ROLIIAUWD 918 SOJRIIIISO 000 JUSTIIRDL], ‘SIUOPN]S PO[OIUS I0J 9I0DS IR SIUSFOY
Ppogorpard oSeIoAR S} SB POJONIISUOD ST Ajenb oo 'SeI100s SUIpral pur [[Jel dpeid YIYIo JO oFRIoAR 1)
JO 9[I0I9) PUR ‘QUWIOOUI URIPOUL }0€I} STISUD JO UBIPOUL Y} dAOCR SJUSPNIS I0] IOJEIIPUL UR ‘SRS Youn]
pozIpisqns ‘odel ‘Iopuad ‘Usnoloq Aq pauyep oIe S[[9d 9)eLIBAO)) ‘f 9[QR], WO [9pPOUW 9J10UD 9} Ul [[99
9)eLIBRAOD PUR [OOTDS [OBd I0] AJI[IIN UL PIJRUIIISO o1} Sk painseout sI Ajurendod [00YDG *SSOUDAIIONLO
[ooyos pue Ayenb 1ood uo Ajurendod [00yds JO SUOISSOISDI WO sojeWIIsO s110dol o[qr) SIYT, -SIFON

¥891¢ N

(#50°0) (L¥0°0)

ANS TLO0- 109JJ0 YR
(€v0°0) (€v0°0) (9%0°0) Lvo0)  (9%0°0) (L¥0°0)

LY0°0- 150°0- 6120 7200~ €€0°0- v o 4LV
(650°0) (650°0) (£50°0) (£90°0) (£90°0) (190°0)

LEV'O 6£1°0 LOY0 90t°0 8¢H°0 91+°0 Aypenb 1954

(8 ) ) () () (©) [(9) )
mﬁoﬁoa ﬁo_uog\ﬁ B.EGOQ m_oﬁoa Uwvvmuo:_ﬁ\/

S100H IR\ SIS pur AJeny) 109 I0J SooUaIdJol] ) ¢ d[qR],



129

CHAPTER 3. DO PARENTS VALUE SCHOOL EFFECTIVENESS?

‘1[99 9)RLIRAOD PUR [00TDS Aq
POI93ISND-9[qNOP dIR SIOLID PIRPURIG “SOJRUIIISS AJI[IIN URSUIL [ JO IOLID PIRPUR)S Parenbs o) JO 9SIoAUl
o) AQ 1YSTom pue SIOJRIIPUIL [[90 OPN[OUI SUOISSOISAI [[Y “SHUN UOIJRIADD PIRPURIS UL PA[RIS IR S1D9JJ
JuowjeaI) pur ‘Ajrenb Iead ‘SOTI[IIN UL S[EPOW UOIIOUN] [0IU0D WO suorydipard ueswr Jtorrojsod
sofeq [eorrtduro oIe S9YRUIN)SO 100[0 JUOUIJRAL], "SJUSOPNIS PO[[OIU 10 STWO0IINO PajdIpald aferoar ot} se
pelonIIsuod St A)11enb 109 "$9100S SUIPRII PUR [[IRUW 9PRIS IS0 JO 98RISAR 91} JO 9[IDI8) PUR ‘QUIOIUL
URIPSOUWL JORI) SNISUSD JO URIPSW 9} SAO(R SJUSPNIS I0J I0JRIIPUL UR ‘SNYRIS YOUN| PIZIPISONS ‘DRl ‘Iopuos
‘U8noioq Aq pauyep aIe S[[90 9IRLIRAOY) ‘7 S[(R], WOIJ [9POW d0I0YD S} UI [[9D 9JRLIRAOD PUR [00YDS [ord
I0] A[ITL UROW POjeUIN)so o} se painseowt st Ajuremdod [0oydg -omoojno Aq A[ojeredos SSOUSAIIDDO
[ooyos pue Ajenb 1ead uo Ajurendod [00YDS JO SUOISSOISAI WOIJ S9jewI)se s1I10del o[qe) SIYJ, S970N

¥891¢C N

(190°0) (050°0) (¥+0°0) (L0'0)

£€50°0 L10°0- $90°0- 6100~ EREMERI ST A
(080°0) (650°0) (#$0°0) (8%0°0) (#$0°0) (S%0°0) (#L00) (950°0)

6200 661°0 ero €LT0 YLTO- €01°0 760°0- STe0 H1LV
($90°0) (¥50°0) (0L0°0) (0L0°0)

TTE0 SETO0 0£7°0 L9¥0 Aypenb 1o0g

(8 () 9) (<) () () @ (1)
AKrenb 939100 30T douepude 939[[0) uoryenpeIs [00yds Y3IH 21098 [ VSd

9UIODIN() A SSOUSATIIRPH [00YDS pue A[en{) 109 I0] SeouaIajald '€ 9[qel,



130

CHAPTER 3. DO PARENTS VALUE SCHOOL EFFECTIVENESS?

"[[99 9eLIRAOD PUR [00UDS AQ PIIdISI[I-d[qNOP 9Ie
SIOII® PIEPURIS "SOPRUIIIS9 AN UBSW O} JO I0LId plepur)s patenbs oy Jo osioaul oy Aq JySrom pue
SIOJeOTPUI [[00 OPNIOUI SUOISSIZAL [[Y “SIUOPN)S PO[[OIUD I0J I0JS el SIUGaY Poloipaid oderosr o)
Sk PojoNIISUO0D ST AJ1[eND 109 "SHIUN UOIJRIASD PIRPUR)S Ul PO[eIs oIk S1090 Juotnjesal) pue ‘Ajenb 1ood
‘SOTYIIIN URSTN "S[OPOW UOIJOUNJ [OIJU0D WOIJ SIOJO YPeuw SUuaSY Jo suolporpard ueaw Iouw)sod sodeq
[eoLIrdue oIe S9JRIIIISO 000 JUSWIIRSL], ‘SIUOPNIS PI[[OIUS I0J SI0DS [Pew sJuaday] pardrpald oaferoar o)
Sk PajoNIISU0d SI A1enb 190 *§ 9[qB], WOIJ [OPOWL dJI0YD 9} Ul [[99 9)BLIBAOD PUR [0OTDS D€ 10] A}[IIN
uRSUL pajeuysse o) sk painseswr st Ajuremdod [ooypg  dnordqns quepnis Aq Apjeredss SSOUSAIIDAR
[ooyos pue Ayrenb 1eed uo Ajremdod [00Uds JO SUOISSOIFOI WOLJ sojemI)so s)10dol o[qe) SIYT, $910N

vEIL 98TL Y9TL 14901 crol1 ¥8L9 3323 LOYL 68801 S6L01 N
(550°0) (850°0) (190°0) (¥50°0) (¥50°0) (190°0) (990°0) (950°0) (¥50°0) (¥50°0)

STI0- 691°0- 991°0- SS1°0- 081°0- 6¥1°0 Yr1°0- 0020~ 691°0- LLTO- 109132 YOy
(650°0) (2$0°0) (2¢+0°0) (050°0) (2+0°0) (+60°0) (++0°0) ($+0°0) (£+0°0) (L¥0°0)

L1170 620°0- S10°0- 92070~ 9€0°0- T61°0- 110°0- L¥0°0- 120°0- SLO0- EARY
(260°0) (290°0) ($50°0) (LLO0) (LS0°0) (821°0) (€90°0) (090°0) (¥90°0) (090°0)

989°0 S6€°0 1ST°0 10S°0 01t°0 SOL'0 0LE0 96£°0 1710 (4340 Aypenb 1004

oD (6) (8) ) 9) (©) () (€) (@) §))
189ySIH S[PPIA 159M07] slqiSiPur ISy Feluile} otuedsty Jyoerg S[ew | SN

91019} 9109S 359} dpeI3 Py A youn| pozipisqns Ag Joel Ag xos Ag

SO0 IR SIUDSOY pue A[en) 109 I0J SOOUIdoI] Ul A}IOUdS0INRH :6'¢ O[qR],



CHAPTER 3. DO PARENTS VALUE SCHOOL EFFECTIVENESS?

131

Table 3.10: Potential Achievement Gains from Ranking Schools by Effectiveness

Observed rankings

Rankings based on effectiveness

Peer quality ATE Match Peer quality ATE Match
) 2 3) @ &) ©)

Choice 1 0.112 0.071 -0.037 0.286 0.427 0.162
Choice 2 0.057 0.055 -0.020 0.182 0.352 0.108
Choice 3 0.021 0.045 -0.012 0.087 0.275 0.113
Choice 4 -0.013 0.036 -0.006 0.105 0.247 0.103
Choice 5 -0.046 0.027 -0.002 0.124 0.228 0.092
Choice 6 -0.074 0.019 -0.001 0.103 0.209 0.085
Choice 7 -0.097 0.014 0.001 0.118 0.197 0.075
Choice 8 -0.114 0.012 0.001 0.099 0.169 0.066
Choice 9 -0.127 0.007 0.001 0.064 0.333 0.111
Choice 10 -0.139 0.004 0.003 0.046 0.165 0.063
Choice 11 -0.146 0.003 0.003 0.028 0.157 0.056
Choice 12 -0.156 -0.002 0.002 0.013 0.146 0.053

Notes: This table summarizes Regents math score gains that parents could achieve by ranking schools

based on effectiveness.

Columns (1)-(3) report average peer quality, average treatment effects, and

average match quality for students’ observed preference rankings. Columns (4)-(6) display corresponding
statistics for hypothetical rankings that list schools in order of their treatment effects. Treatment effect
estimates come from control function models. All calculations are restricted to ranked schools within the

home borough.
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3.11 Appendix: Data

The data used for this project were provided by the NYC Department of Education (DOE).
This Appendix describes the DOE data files and explains the process used to construct our
working extract from these files.

Application Data

Data on NYC high school applications are controlled by the Student Enrollment Office.
We received all applications for the 2003-2004 through 2006-2007 school years. Application
records include students’ rank-ordered lists of academic programs submitted in each round
of the application process, along with school priorities and student attributes such as special
education status, race, gender, and address. The raw application files contained all applica-
tions, including private school students and first-time ninth graders who wished to change
schools as well as new high school applicants. From these records we selected the set of
eighth graders who were enrolled as NYC public school students in the previous school year.

Enrollment Data

We received registration and enrollment files from the Office of School Performance and
Accountability (OSPA). These data include every student’s grade and building code, or
school ID, as of October of each school year. A separate OSPA file contains biographical
information, including many of the same demographic variables from the application data.
We measure demographics from the application records for variables that appeared in both
files and use the OSPA file to gather additional background information such as subsidized
lunch status.

OSPA also provided an attendance file with days attended and absent for each student
at every school he or she attended in a given year. We use these attendance records to
assign students to ninth-grade schools. If a student was enrolled in multiple schools, we
use the school with the greatest number of days attended in the year following their final
application to high school. A final OSPA file included scores on New York State Education
Department eighth grade achievement tests. We use these test scores to assign baseline math
and English Language Arts (reading) scores. Baseline scores are normalized to have mean
zero and standard deviation one in our applicant sample.

Outcome Data

Our analysis studies five outcomes: Regents math scores, PSAT scores, high school gradu-
ation, college attendance, and college quality. We next describe the construction of each of
these outcomes.

The Regents math test is one of five tests NYC students must pass to receive a Regents
high school diploma from the state of New York. We received records of scores on all Regents
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tests taken between 2004 and 2008. We measured Regents math scores based on the lowest
level math test offered in each year, which changed over the course of our sample. For the
first three cohorts the lowest level math test offered was the Math A (Elementary Algebra
and Planar Geometry) test. In 2007, the Board of Regents began administering the Math
E (Integrated Algebra I) exam in addition to the Math A exam; the latter was phased out
completely by 2009. We assign the earliest high school score on either of these two exams as
the Regents math outcome for students in our sample. The majority of students took Math
A in tenth grade, while most students taking Math E did so in ninth grade.

PSAT scores were provided to the NYC DOE by the College Board for 2003-2012. We
retain PSAT scores that include all three test sections: math, reading, and writing (some
subtests are missing for some observations, particularly in earlier years of our sample). If
students took the PSAT multiple times, we use the score from the first attempt.

High school graduation is measured from graduation files reporting discharge status for all
public school students between 2005 and 2012. These files indicate the last school attended by
each student and the reason for discharge, including graduation, equivalent achievement (e.g.
receiving a general equivalency diploma), or dropout. Discharge status is reported in years
4, 5, and 6 from expected graduation based on a student’s year of ninth grade enrollment;
our data window ends in 2012, so we only observe 4-year and 5-year high school discharge
outcomes for students enrolled in eighth grade for the 2006-2007 year. We therefore focus
on 5-year graduation for all four cohorts. Our graduation outcome equals one if a student
received either a local diploma, a Regents diploma, or an Advanced Regents diploma within
5 years of her expected graduation date. Students not present in the graduation files are
coded as not graduating.

College outcomes are measured from National Student Clearinghouse (NSC) files. The
NSC records enrollment for the vast majority of post-secondary institutions, though a few
important New York City-area institutions, including Rutgers and Columbia University, were
not included in the NSC during our sample period.!® The NYC DOE submitted identifying
information for all NYC students graduating between 2009 and 2012 for matching to the
NSC. Since many students in the 2003-04 eighth grade cohort graduated in 2008, NSC data
are missing for a large fraction of this cohort. Our college outcomes are therefore defined
only for the last three cohorts in the sample. For these years we code a student as attending
college if she enrolled in a post-secondary institution within five years of applying to high
school. This captures students who graduated from high school on time and enrolled in
college the following fall, as well as students that delayed high school graduation or college
enrollment by one year.

We measure college quality based on the mean 2014 incomes of students enrolled in
each institution among those born between 1980 and 1982. These average incomes are
reported by Chetty et al. (2017b). Fewer than 100 observations in the NSC sample failed
to match to institutions in the Chetty et al. (2017b) sample. For students who enrolled in
multiple postsecondary institutions, we assign the quality of the first institution attended. If

10Tn addition, about 100 parents opted out of the NSC in 2011 and 2012.
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a student enrolled in multiple schools simultaneously, we use the institution with the highest
mean earnings.

Matching Data Files

To construct our final analysis sample, we begin with the set of high school applications
submitted by students enrolled in eighth grade between the 2003-2004 and 2006-2007 school
years. We match these applications to the student enrollment file using a unique student
identifier known as the OSISID and retain individuals that appear as eighth graders in both
data sets. If a student submits multiple high school applications as an eighth grader, we
select the final application for which data is available. We then use the OSISID to match
applicant records to the OSPA attendance and test scores files (used to assign ninth grade
enrollment and baseline test scores), and the Regents, PSAT, graduation, and NSC outcome
files.

This merged sample is used to construct the set of 316 high schools that enrolled at least
50 students with observations for each of the five outcomes, excluding selective schools that
do not participate in the main DA round. The final choice sample includes the set of high
school applicants reporting at least one of these 316 schools on their preference lists. The
five outcome samples are subsets of the choice sample with observed data on the relevant
outcome and enrolled in one of our sample high schools for ninth grade. Table 3.11 displays
the impact of each restriction on sample size for the four cohorts in our analysis sample.

3.12 Appendix: Econometric Methods

Rank-Ordered Control Functions

This section provides formulas for the rank-ordered control functions in equation (3.8). The
choice model is
Uij = 0c(x)j — Te(xn Dig + mig = Vig + mijy

where Vi; = 0cx,); — Te(x,)Di; represents the observed component of student ¢’s utility
for school j and 7;; is the unobserved component. The control functions are given by
Nij = Elniy — | Xi, Diy Bi)) = Elni|Ri, Vi] — pyy, where V; = (Viy,...,Viy)'. To compute
the conditional mean of 7;;, it will be useful to define the following functions for any set of

mean utilities S and subset S’ C S:
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P(S']S) gives the probability that an individual chooses an option in S” from the set S when
the value of each option is the sum of its mean utility and an extreme value type I error term,
while Z(S) gives the expected maximum utility of choosing an option in S, also known as
the inclusive value. We provide expressions for the control functions for two cases: (1) when
a student ranks all available alternatives, and (2) when the student leaves some alternatives
unranked.

All alternatives ranked

Control function for the highest-ranked alternative

Without loss of generality, label alternatives in decreasing order of student i’s preferences,
so that R;; = j for j = 1...J. The control function associated with the highest ranked
alternative is

At = —(Vir + py) + E[Uin|R;, Vi]

S L e S o T f Vi) | . duizdy
+

=—(Vaa n J—1
(Vi b TP (ValSi(k))

where S;(m) = {Vix : k > m} and f(u|V) = exp (V —u —exp(V — u)) is the density func-
tion of a Gumbel random variable with location parameter V. This simplifies to

I P Vil Si(k) % Z(5:(1)
TLP (VielSi(k))

= =V + (Z(Si(1)) — pn)

= —log (P(Vi1|Si(1)))

Ail - _(‘/’Ll + N/n)

which coincides with the control function for the most preferred alternative in the multino-
mial logit model of Dubin and McFadden (1984). This shows that knowledge of the rankings
of less-preferred alternatives does not affect the expected utility associated with the best
choice.

Control functions for lower-ranked alternatives
To work out A;; for j > 1, define the following functions:

Gij(u) = / f(|Vij)Gi—1y(@)dz, j=1..J
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It can be shown that!!
Gij(w)=X0, 1 (=1 175" P(ViglVig--Vigm-1) ) | [Tz PVin|Vim - Vin) | 1= F (| (V.. V) —piy)] (3.13)

where F(u|V') = exp(—exp(V — u)) is the Gumbel CDF with location V. The first product
is defined as 1 when m = 1. Then for 7 > 1, we have

Aij = =(Vig + pan)
ffooo f:]o fuo]o_l fuo; fféo f;ugl ff;;l |:U,] Hi:l f(uk|Vlk)] dUJdU]_HdUldU]
+ —
121 P (Vi Si(k))
I70 s f(ui|Z(Si(5)) — ) G-y () dus

= —(Vij + 1) + —
S [Tisy P (VielSi())
= —log (P (V3]5:(4)))
i1 - (1;P(vim...m|s¢(m)>>
j— n=m (Vim.-Vin|Si(m))
) (DT log (1= P (Vim--. Vi1 i(m)))
mzz:l Hq:11P (‘/;q‘/z(m—l)|SZ(Q)) !

The expected utility of j depends on both the probability of choosing j over all lower-
ranked alternatives and the choice probabilities of alternatives preferred to j. Again, as
shown previously for j = 1, the expected utility for any ranked option does not depend on
the rank order of less-preferred alternatives.

Unranked alternatives

To derive the control functions for a case in which some alternatives are unranked, assign
arbitrary labels (i) + 1.....J to unranked schools. The control functions for all ranked alter-
natives can be obtained by defining a composite unranked alternative with observed utility
Vi = Z (Vi : k> £(i)) — p, and treating this as the lowest-ranked option. The control

"1 The derivation of this non-recursive expression requires the following identity, which holds Vj > k > 1,
ar > 0:

J P 1 J 1 J 1
Z (71) ! H m—1 H q = H j (312)
m=1 p=1 Z G q=m Z an, s=1 E a,
m=p n=m r=s

with the first product defined as 1 when m = 1. We prove this identity in Appendix 3.13.
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function for an unranked alternative j is defined by the expression
Nij + (Vij + ) = E [Uy|Us > ... > Useays Useqsy > Usre Yk > £(3), Vi]

J
ffooo fuojo fqul) fuo; ffi? ffi(o” Uj H f(ukﬂ/;k)duf(z)ﬂdu],lduﬁldquuldug(Z)duj
- k=1

[T, P(Vii] Si(k))
S i f il Vig) | F (e (ST (000))) = o) G- (e |
P (Vi | S;7 (€(0)) =1 x TT.Y, P(Vir|Si(k))

)

where S;7(m) = {Vix : k > m}\{Vj;} is the set of i’s mean utilities for alternatives m and
higher excluding alternative j. When £(i) = 1, we have Gi(g(i)_l)(w) = 1 and this expression
collapses to

P(Vi]5:(1))
1

N = TPV, 1S(1)

log (P(V;;15:(1)))

which is the expression derived by Dubin and McFadden (1984) for the expected errors of
alternatives that are not selected in the multinomial logit model. For (i) > 1, we have

@) o= (17P(vim‘..wn\5i(m)))
A=Y (=1)mHO) el { ] log (£ (Vij]Si(m

Similar to the multinomial logit case, A;; is a depends on the choice probablity of j
relative to other ranked options, and does not depend on the probability of other unranked
options.

Two-Step Score Bootstrap

We use a two-step modification of the score bootstrap of Kline and Santos (2012) to conduct
inference for the control function models. Let A = (d11...01, 71...0¢1...0c.7, T¢)' denote the
vector of choice model parameters for all covariate cells. Maximum likelihood estimates of
these parameters are given by:

A = arg mAaXZ log L(R;|X;, Di; A),

where L(R;|X;, D;; A) is the likelihood function defined in Section 3.4, now explicitly written
as a function of the choice model parameters.

Let I' = (ay, 81, ¥1...aup, B5,15,7, @)’ denote the vector of outcome equation parameters.
Second-step estimates of these parameters are
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-1
Z Wi AWAY | x> Wi(A)Y;,

where W;(A) is the vector of regressors in equation (3.8). This vector depends on A through
the control functions \;(X;, D;, R;; A), which in turn depend on the choice model parameters
as described previously.

The two-step score bootstrap adjusts inference for the extra uncertainty introduced by
the first-step estimates while avoiding the need to recalculate A or to analytically derive the
influence of A on I'. The first step directly applies the approach in Kline and Santos (2012)
to the choice model estimates. This approach generates a bootstrap distribution for A by
taking repeated Newton-Raphson steps from the full-sample estimates, randomly reweighting
each observation’s score contribution. The bootstrap estimate of A in trial b € {1...B} is:

Z 0%log L(Ri|X;,D;;A) « St 610g£R|X1,DZ,A)
NI § : y

where the (¥ are iid random weights satisfying E [¢?] = 0 and E [(¢!)?] = 1. We draw these
weights from a standard normal distribution.

Next, we use an additional set of Newton-Raphson steps to generate a bootstrap distri-
bution for I'. The second-step bootstrap estimates are:

[ZW (AW, (A)

The second term in the last sum accounts for the additional variability in the second-step
score due to the first-step estimate A. We construct standard errors and conduct hypothesis
tests involving I" using the distribution of I'” across bootstrap trials.

X Z [ CWi(A)Y; — Wi(A)T) — Wi(AY)(Y; — Wi (AbYT)].

Empirical Bayes Shrinkage

We next describe the empirical Bayes shrinkage procecure summarized in Section 3.4. Value-
added or control function estimation produces a set of school-specific parameter estimates,

Y
{Gj} . Under the hierarchical model (3.10), the likelihood of the estimates for school j
j=1

conditional on the latent parameters ; and the sampling variance matrix §2; is:
£ (05105,25) = @m) 101 2 exp (305 - 0,050 65)),

where 7' = dim(#;). We estimate (2; using conventional asymptotics for the value-added
models and the bootstrap procedure described in the previous section for the control function
models. Our approach therefore requires school-specific samples to be large enough for these
asymptotic approximations to be accurate.
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An integrated likelihood function that conditions only on the hyperparameters is:

L' (03110, S0, ) = /ﬁ(éj\ejﬁj)dF(@j\ﬂe,Ee)

= (2m) "7 |y + Zp| T exp (‘%(éj — 1) (2 + )" (6, — Me)) :

EB estimates of the hyperparameters are then

where Qj estimates (2.

<ﬂ9a ZQ) = arg /IE%};Z log ‘CI (0]“’697 297 Q]) )
J

By standard arguments, the posterior distribution for 6; given the estimate éj is

where

We form EB posteriors by plugging Qj, f1g and 33y into these formulas.

0= (" +55") 7 (957654 57 ).

0310; ~ N (65, 5) .

Q= (0 + %)

-1

3.13 Appendix: Proof of Identity to Express Control
Function Non-Recursively

Claim: for all 7 > 1 and positive scalars a; with k =1

-1

Q

k=1

=

k=

J

1

k+(] 1)

(1)

.

I

1115

12

I
| =

z

I3

1113

p=L

zEl;é

...y J, we have:

> (3.14)

(3.14)

where sums with zero terms or over undefined indices are defined as zero and products over
said terms are defined as 1. The above claim is identical to the identity expressed in (3.12)
from Appendix 3.12. To simplify the above notation, define the following:

z
Hez = § Qp
p=t

(3.15)
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Now, our induction claim is as follows:

Jj—1 . [ -1 =z ] j—2 =z
(—1)Fry 1| = fe.s (3.16)
k=1 ;;11 57:6119 z=1 /=1
J B B
e (=0T [ we:| =0 (3.16)
k=1 ;é?llg;li

We will refer to Equation (3.16) for our claim. We will prove using induction.

e The base case j = 2 is trivial. In (3.16), both sides of the equation have the outer
products contain zero elements, which by definition is 1.

e Let’s also check with j = 3, the first “non-trivial” case.

— LHS = (—1) X g2 + (1) X Hi2 = aq
- RHS:[LLl =

To finish the proof, we will show that (3.16) implies the following:

J J z j—1 =z
ST TT T ke | = TTTT we (3.17)
k=1 z=1 =1 z=1 =1

2#k—1 0£k
Before we begin, we will make two observations that will be used in our proof:

1. By definition of s
fpr =0 Yo >r (3.18)

2. To prove (3.17), it suffices to show that TY = 0 for m = 0, ..., j — 2, where IV is defined
as follows:

J Jj=1 =z
L), = (—1)k I e > <H ux,“) m=0,...7—1 (3.19)
i}

zeS

This is because the left hand side of (3.17) can be rewritten as follows:

J
k=1 z=1 (=1
2Ek—1 04k

SO0 | T Tk | = 32Tl (320
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To show IV = 0 for all m = 0, ..., 5 — 2, T will first show that our inductive hypothesis
implies the following for all n, where 0 <n < m < j:

y=1z=1

n Jj—y Jj—n j—n—-1 2z
= [T S T e | |5 (T )| 0
ik o

By (3.19), the definition of IV, Equation (3.21) holds for n = 0. Assuming true for n—1 > 0,
we have:

n—1j—y Jj— n+1 z
k+1 ] —
[Hnuw ] e | ] || ¥ (H)
y=1z=1 k=1 z;ék 1@% SCQ“};Q; n+1} \z€S
|S|=m—n+1

n—1j—y Jj—n j—n  z
[HHMM ] Coeon | T el | 5 (nﬂm_l)

1z=1 k=1 z=1 (=1 {L,....i—n+1} \z€eS
= 2Ak—1 (£k SC2t s
|S|=m—n+1
n—1j-y J—n—1 =z
LLTL s | | 11 IDees) | 22 (1L pes
y=1z=1 z=1 (=1 Sc2{l,-i—n} \z€eS
|S|=m—n+1

[HHMM ] Coro | T M| | S0 (num_l)

1z=1 1 z=1 (=1 {1,....5—n+1} \z€S
v= 2Fk—1 (£k SC
|S|=m—n+1
n—1j—y Jj—n j—mn oz
k:—i— j—n
Haz,j—y b= H H,W,z E Hﬂx,j—l
y=1z=1 k:l z=1 (=1 Sc2il,.i—n} \z€S

27#k—1 l#k |S|=m—n+1
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Continued...

n—17—y j—n j—n  z
= ([T | S | T | | 5 (T
J—n}

y=1 z=1 k=1 z

j—n n—1j—y j—n j—n—1 z
| [T | S0 T | |5 (M)
r=1 z= =1 ,j—n}

y=1z=1 xeS

II
_
o)
N
2

AAAAA

n Jj—y j—n j—n—1 =z
| S | T | | 5 (T
j—n

y=1z=1 k= z=1 /¢=1 {1,..., j
2tk—1 12k 5C2

—

Therefore, our inductive hypothesis implies (3.21) holds. Let n = m in (3.21). Then we have
the following for m < j — 1:

m j—y j—m j—m—1 2
I, = [HH,Ux,jy] DR T T e Z (Huml>

y=1z=1 k=1 z

) [ﬁﬁﬂm y] 5 (—1)Femm) j_ﬁlﬁﬂz,z
y=1z=1 k=1 z=1 /(=1
z#k—1 {#£k

=0 (b;?3.16’))
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When m=n=7—1:

4 (G-1) j—y i—=0G-1) o J=(G-1)-1 2
Uy = | IT I #ei-v GO O = 2. (H MWl)
j—n}

y=1 z=1 k=1 z=1 /=1 {1,...,5 €S
z#k—1  (F£k SC2 kgS
IS]=0
=1
[i—1 =2 0 =z
- T TT| | TTTT
Lz=1/¢=1 | z=1/¢=1
27#0 (#£1
=1
[J-1 =z
= H Mgz
Lz=1 /=1 _

Combining the above results with (3.20), we have:

J J z Jj—1
S0 | IT o] = 3 e
k=1 z=1 (=1 m=0
2#k—1 0#£k
j—2
= F] 1 + Z an[a]]jilim
- Zm:O
:mnm]
z=1 (=1

3.14 Appendix: Additional Tables
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Table 3.17: Preferences, Peer Quality, and Math Effects, Alternative Measures of Popularity

Log first-choice share Minus log sum of ranks

Control Control
Value-added function Value-added function

(D 2 3) 4)

Peer quality 0.487 0.542 0.036 0.038
(0.071) (0.062) (0.005) (0.005)

ATE -0.009 -0.034 -0.001 -0.002
(0.045) (0.040) (0.003) (0.003)

Match effect -0.091 -0.219 -0.004 -0.012
(0.043) (0.047) (0.003) (0.004)

N 15892 21684

Notes: This table reports estimates from regressions of alternative measures of school popularity on peer
quality and school effectiveness. The dependent variable in columns (1) and (2) is the log of the share
of students in a covariate cell ranking each school first, and the dependent variable in columns (3) and
(4) is minus the log of the sum of ranks for students in the cell. Unranked schools are assigned one rank
below the least-preferred ranked school. Covariate cells are defined by borough, gender, race, subsidized
lunch status, an indicator for students above the median of census tract median income, and tercile of
the average of eighth grade math and reading scores. Peer quality is constructed as the average predicted
Regents math score for enrolled students. Treatment effect estimates are empirical Bayes posterior mean
predictions of Regents math effects. Columns (1) and (3) report results from value-added models, while
columns (2) and (4) report results from control function models. All regressions include cell indicators.
Standard errors are double-clustered by school and covariate cell.
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