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Abstract

This paper develops new approaches for estimating multidimensional teacher
effects and uses them to understand teachers’ impacts on their students’ future
criminal justice contact (CJC). Using a unique data set linking the universe of
North Carolina public school data to administrative arrest records, we find a
standard deviation of teacher effects on students’ future arrests of 2.7 percentage
points (11% of the sample mean). Teachers’ effects on CJC are orthogonal to
their effects on academic achievement, implying assignment to a high test score
value-added teacher does not reduce future CJC. However, teachers who reduce
suspensions and improve attendance substantially reduce future arrests. Similar
patterns emerge when allowing teacher impacts to vary by student sex, race,
and socio-economic status. The results suggest that the development of non-
cognitive skills is central to the returns to education for crime and highlight an
important dimension of teachers’ social value missed by test score-based quality
metrics.
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The social costs of crime and any resulting arrest, incarceration, and other forms

of criminal justice contact (CJC) are large. Cohen and Piquero (2009), for example,

estimate the value of averting a high-risk youth from CJC at $3.8 to $5.3 million. One

way to reduce these costs is through the education system. Little is known, however,

about how teachers affect CJC, despite their central role in providing education. Even

less is known about which skills good teachers foster to reduce their students’ future

CJC, and how those skills differ from those most important for other outcomes (Chetty

et al., 2014b; Jackson, 2018; Jackson et al., 2020; Petek and Pope, 2021; Gilraine and

Pope, 2021). Since different students may benefit from focusing on different skills

and approaches, an important related question is whether some teachers are better at

reaching particular types of students (Dee, 2005; Gershenson et al., 2022).

Studying these questions requires estimating and relating teachers’ impacts on mul-

tiple outcomes and types of students, which can be difficult with noisy estimates of

each teacher’s effects. The standard approach is to estimate teachers’ “value-added”

on each outcome or student type separately while adjusting for sampling error using

Empirical Bayes (EB) techniques.1 Recent work has highlighted potential violations

of the parametric assumptions embedded in standard EB approaches (Gilraine et al.,

2021; Chen, 2023). Even if the model is correctly specified, however, the distribution

of EB estimates does not consistently estimate the distribution of teacher effects. The

variance of shrunken value-added estimates can approach zero, for example, even if

teachers’ true impacts vary widely, and covariances across groups or outcomes can

differ in sign and magnitude from the covariances of true effects.

To help overcome these issues, this paper develops new, EB-free approaches for study-

ing multi-dimensional teacher effects. We then apply these tools to nearly two decades

of linked administrative schooling and criminal justice records from North Carolina.

We estimate the variance of elementary and middle school teachers’ effects on their

students’ future arrest, conviction, and incarceration. To study the drivers of these

effects, we estimate their covariance with teachers’ effects on standardized test scores,

behavioral proxies for non-cognitive skills, and study skills. Doing so allows us to

ask whether teachers who boost test scores, for example, also decrease their students’

future CJC. After establishing a set of baseline, homogeneous effects, we explore the

1Studies using this approach include Jackson (2018) and Petek and Pope (2021) for impacts on
test scores and behaviors, and Bates et al. (2022) and Biasi et al. (2021) for impacts on disadvantaged
and non-disadvantaged students, among others.
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importance of accounting for heterogeneity across student characteristics.

The analysis is made possible by a novel merge of administrative criminal justice and

education records in N.C. The combined data set includes almost two million students

and 40,000 teachers. The education records cover all students in N.C. public schools in

grades 3 to 12 from 1996 to 2013 and include rich data on students and their outcomes.

The criminal justice data include the universe of N.C. arrests and detailed data on

case outcomes, including conviction status and sentences. The data are linked by

name and date of birth; comparisons of match rates to external benchmarks suggest

the merge quality is high.

Our empirical strategy uses non-parametric estimators of the variance-covariance

structure of teacher effects, building on the literature on variance component esti-

mation (e.g., Krueger and Summers, 1988; Aaronson et al., 2007; Kline et al., 2020).

The approach separates the problem of estimating the joint distribution of teacher

effects—the goal of our analysis—from obtaining good estimates of a set of individual

teacher’s effects—the goal of EB and other forecasting techniques. Many parame-

ters sought in the traditional value-added literature, such as the implied impacts of

a one standard deviation increase in teacher quality, can be easily recovered using

our approach. As is common practice, the analysis relies on a rich set of characteris-

tics available as controls to justify a conditional independence assumption, which is

supported by a battery of validation tests.

We find large teacher effects on both short and long-run outcomes. The estimated

standard deviation of teacher effects on future arrests, for example, is 2.7 percentage

points (p.p.), or 11.3% of the sample mean, and is 2.1 p.p. (23.6%) for incarceration.

We find similarly large effects on long-run academic outcomes studied in previous anal-

yses, such as high school graduation and students’ plans to attend college. Estimated

impacts on short-run outcomes are similar to recent estimates in other geographies

(Kane and Staiger, 2008; Chetty et al., 2014a).

Relating effects on short and long-run outcomes reveals that teachers who boost test

scores do not meaningfully decrease their students’ CJC as young adults. Shifting a

student to a teacher with one standard deviation higher effect on test scores decreases

their likelihood of arrest between the ages of 16 and 21 by less than 0.001 p.p.; we

cannot reject zero effect at conventional significance levels. Teachers who boost study
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skills have similarly limited effects on CJC. High test score effect teachers do, however,

improve students’ long-run academic outcomes. The estimated effect of a standard

deviation shift in teacher quality on college attendance is similar to that estimated in

Chetty et al. (2014b).

By contrast, teachers’ impacts on behavioral outcomes are closely connected to their

impacts on CJC. Assignment to a teacher with a standard deviation more beneficial

impacts on a summary index of discipline, attendance, and grade repetition decreases

the likelihood of future CJC by 2-4%, depending on the outcome. If teacher effects on

short-run behaviors are evidence of influence over non-cognitive and socio-emotional

skills and traits such as conscientiousness, perseverance, and sociability (Lleras, 2008;

Bertrand and Pan, 2013), our results support a growing body of research suggesting

that the accumulation of “soft skills” may lie at the heart of the return to education

for crime (Heckman and Rubinstein, 2001; Heckman et al., 2006; Reynolds et al.,

2010; Heckman and Kautz, 2012; Heckman et al., 2013; Jackson et al., 2020).2

While the estimates rely on non-experimental variation in teacher assignments, multi-

ple tests demonstrate that all effects are measured with limited bias. The estimates are

insensitive to the inclusion of covariates omitted from the model, including parental

education, twin indicators, and twice-lagged test scores, all of which strongly predict

outcomes conditional on the baseline controls. Using teachers switches across schools

and school-grades to instrument for teacher assignments, we cannot reject that esti-

mates are unbiased. Nevertheless, we also show that our estimates provide a lower

bound on the variance of causal effects and that covariances in causal effects are still

identified under certain forms of bias, including if estimates of test score effects are

unbiased but direct effects on CJC are not.

Teachers have substantive impacts on future CJC for many types of students, in-

cluding groups defined by sex, race, socio-economic status, and predicted CJC risk

using all covariates. But effects are not perfectly correlated across student types.

The correlation of a teacher’s effects on their white and non-white students’ criminal

arrests is roughly 0.5, for example, indicating important heterogeneity in teachers’

impacts. Effects on short-run outcomes, on the other hand, show tight correlation

2A large literature documents the importance of non-cognitive and socio-emotional skills for long-
run outcomes, including Heckman and Rubinstein (2001),Cunha and Heckman (2008), Cunha et al.
(2010), Lindqvist and Vestman (2011), Deming (2017), and Gray-Lobe et al. (2023).
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across groups. The correlation between a teacher’s test score effects for boys and

girls is 0.96, for example. The impact of assignment to a teacher good at boosting

test scores or improving behaviors for observably similar students is thus similar to

the average effect, since heterogeneous effects on short-run outcomes provide a poor

proxy for heterogeneous effects on long-run outcomes.

To conclude, we simulate the impacts of replacing the bottom 5% of teachers based

on various measures. Retention policies based on teachers’ direct effects on long-run

outcomes would result in large improvements, including up to 10 p.p. increases in

college attendance and 6 p.p. reductions in criminal arrests for exposed students. Po-

lices that target teachers using their impacts on short-run measures, however, achieve

a fraction of these gains, underscoring the scope of teacher impacts not captured by

these measures. Putting emphasis on different short-run outcomes trades off effects on

long-run academic and CJC outcomes, with policies that emphasize test score impacts

most strongly affecting the former and policies that emphasize behaviors primarily

influencing the latter.

This paper contributes to a broad literature on the importance of teachers. Related

research has shown that teacher quality—as measured by their influence on students’

test scores—varies widely (Rivkin et al., 2005; Kane and Staiger, 2008; Chetty et al.,

2014a; Bacher-Hicks et al., 2014; Bau and Das, 2020) and has important consequences

for earnings (Chetty et al., 2014b). Teachers, however, impact a broad set of skills

beyond those measured by standardized tests (Jackson, 2018; Jackson et al., 2020;

Petek and Pope, 2021; Mulhern and Opper, 2022). The skills rewarded in one do-

main, such as the labor market, may differ from those rewarded in another, implying

that what makes a teacher “good” depends on the outcome considered. Our results

provide the first evidence of teachers’ effects on a life-altering but understudied long-

run outcome and show that the set of short-run impacts that predict these effects is

strikingly different than for teacher effects on adult earnings.

We also make progress methodologically by providing new tools for studying the

impacts of teachers. While recent work has suggested a variety of alternatives to

traditional EB estimators (e.g., Kwon, 2023; Chen, 2023; Giacomini et al., 2023), the

results of any forecasting technique will depend simultaneously on how much teachers

impact outcomes and the researcher’s ability to accurately estimate those impacts. In

standard approaches, for example, the impacts of a one standard deviation increase in
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teacher quality would change if estimated in the same data but dropping half of each

teacher’s observations, making it difficult to reach firm conclusions about the relative

importance of teachers’ impacts across outcome dimensions and contexts. By directly

estimating the parameters of interest under weak assumptions, our approach side steps

these issues. Building on recent work by Kline et al. (2020), we also derive analytic

standard errors that avoid the complications of inference on generated regressors in

traditional two-step procedures.

Finally, we contribute to the growing literature on whether teachers have a compara-

tive advantage in teaching certain students (Dee, 2005; Condie et al., 2014; Gershenson

et al., 2022; Delgado, 2021; Biasi et al., 2021; Bates et al., 2022). We document mean-

ingful heterogeneity in teachers’ direct effects on long-run outcomes such as CJC or

college attendance. However, we also find that latent teacher effects on short-run

outcomes are highly correlated across students, suggesting there is limited teacher

comparative advantage for students’ performance on test scores, behaviors, and study

skills. Identifying strong predictors of teachers’ heterogeneous long-run effects is an

important topic for future research.

1 Data and setting

In this section, we describe the administrative data used in the analysis and how the

data sets are linked together. We also describe in detail how we construct our primary

analysis sample and provide summary statistics.

1.1 Education records

We utilize administrative education records provided by the North Carolina Education

Research Data Center (NCERDC). These data provide comprehensive records for the

universe of N.C. public school students from 1996 through 2013. Key data elements

include test scores, teacher and classroom assignments, demographic characteristics

of students, parents, and teachers, and disciplinary and attendance records.

1.1.1 Measuring teacher assignment to classrooms

Our analyses focus on the impacts of elementary and middle school teachers in grades

four through eight. In elementary school, students are usually assigned to a single
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homeroom teacher, although some students have separate math and reading teachers.

In middle school, students typically have separate teachers for math and reading

courses. From 2006 onwards, the NCERDC provides “course membership” files that

directly link students to their teachers. Prior to 2006, we follow Rothstein (2017)

and use the identity of students’ end-of-year test proctor to link students to their

teachers.3

1.1.2 Short-run outcome measures

We construct three primary measures of short-run outcomes from the NCERDC data.

The first proxies for cognitive skills using scores on standardized state-wide exami-

nations in math and reading taken by all North Carolina students. Test scores are

normalized within each year and grade to have a mean of zero and a standard devi-

ation of one in the full student population. For homeroom teachers, we use the first

principal component of math and reading scores as the relevant outcome. Math and

readings scores are used for math and reading teachers, respectively.

The second measure follows a large literature that uses student behaviors to proxy

for non-cognitive skills (Heckman et al., 2006; Lleras, 2008; Bertrand and Pan, 2013;

Petek and Pope, 2021). As in Jackson (2018), we take the first principal component

of standardized indicators for school discipline (primarily in- and out-of-school sus-

pensions), days absent, and grade repetition in each year. Prior research documents

that these behaviors are strongly associated with important non-cognitive skills and

traits (e.g., Duckworth et al., 2007) Unlike test scores, effects on these measures may

capture both changes in students’ behavior and teachers’ propensity to punish their

students or record absences. To isolate the former component, we measure suspen-

sions and absences the year after the student was assigned to a teacher (i.e., in t+1).4

We normalize the sign of the behavioral index so that improved behaviors (e.g., fewer

suspensions) corresponds to more positive values of the index.

The third and final measure uses data on students’ time spent on homework, reading,

and watching television, which we interpret as proxies for students’ study skills and

3Replicating this strategy in the post-2006 data confirms that proctors provide a reliable source
of teacher identities.

4Related work also uses grades as a behavioral measure (Jackson, 2018; Petek and Pope, 2021).
Since grades likely capture some of the skills also measured by test scores, we omit them from our
behavioral summary measure to focus estimates on non-cognitive skills.
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effort. These variables are reported categorically with discretization that changes

year-to-year. We convert values to hours using the mid-point of each category and

normalize within grade and year. As with behaviors, we then combine the three

measures into a single summary index using the first principal component.

Although test scores are available over the full panel, behaviors and study skill mea-

sures are not. Absences are available for all students beginning in 2004, and disci-

plinary records begin in 2001 for a subset of the schools and for all schools beginning

in 2006. When estimating teacher effects on each outcome, we use all data avail-

able.

1.2 Criminal justice records

We use administrative information on arrests, charges, and sentencing from the N.C.

Administrative Office of the Courts (AOC). The data cover all cases disposed be-

tween 2006 and mid-2020 and include rich information on defendants, offenses, initial

charges, convictions, and sentences. Because criminal charges in N.C. are initially

filed by law enforcement officers (as opposed to prosecutors), the charges in these

data closely approximate arrests. In Charlotte-Mecklenburg County, where we have

collected arrest records directly from the Sheriff, over 90% of arrests appear in the

AOC data.5

The data include a large set of offenses ranging from speeding tickets to homicides.

We focus our analysis on actual criminal arrests as defined by N.C. statutes, although

we also consider impacts on non-criminal traffic and municipal ordinance violations.

To examine effects on the most severe categories of crimes, we also define indicators

for arrest for one of the Uniform Crime Reporting program’s index crimes: aggravated

assault, forcible rape, murder, robbery, arson, burglary, larceny/theft, or motor vehicle

theft. Throughout, we refer to outcomes in this data as indicators of “criminal justice

contact” rather than crime, since arrests can occur without commission of a crime and

vice versa. We focus on CJC between the ages of 16 to 21, allowing us to measure

CJC for a large number of cohorts in the education data.6

5The rest is non-arrest booking events recorded by the Sheriff such as federal prisoner transfers.
6The age of criminal responsibility in N.C. was 16 until December 1st, 2019, when “Raise the

Age” legislation increased it to 18.
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1.3 Data linking

Education records were linked to criminal justice data on the basis of name and date of

birth.7 Since not all students are arrested as young adults, we do not expect 100% of

the education records to match the criminal justice data. Comparisons of our match

rates to external benchmarks suggest the link is accurate, however. Bacher-Hicks

et al. (2019), for example, estimate that 19% of Charlotte-Mecklenburg students are

arrested between the ages of 16 and 21, a figure close to our mean rates of criminal

arrest reported below.8

1.4 Sample construction

Following Chetty et al. (2014a), we treat the student-subject-year as the unit of obser-

vation. Each row in our data therefore includes a student’s subject-specific outcomes

(e.g., their math test scores for the math subject), their assigned teacher, their be-

havioral and study skill outcomes for that year, and long-run outcomes. The full data

set constructed in this way includes 13 million observations. We drop teachers who

appear in multiple schools (0.7% of records) or grades (3.7%) in the same year, since

their students are likely only partially exposed to their potential effects, alternative

and special education schools (0.1%), and students with an invalid contemporary or

lag math and reading score, which serve as crucial controls (8.4%). Finally, to mitigate

any potential mismatches of students to teachers, we keep teacher-subject pairs with

between 15 and 100 students per year (excluding a further 6.6% of observations).

1.5 Summary statistics

Summary statistics for the final analysis sample are presented in Table 1. The sam-

ple includes 9,779,708 student-subject-year observations for 1,953,547 students with

39,707 different teachers. Roughly 25% of the sample are Black—close to the N.C.

population average, 58% are economically disadvantaged, 22% have a parent with a

7We also experimented with using social security numbers, which are available for a subset of the
arrest records, and found similar match rates.

8Other benchmarks include Cook and Kang (2016), who estimate that 6% of the 1987-89 N.C.
birth cohorts were convicted of serious crimes between the ages of 17 and 19; Brame et al. (2014)’s
analysis of the National Longitudinal Survey of Youth, who find a self-reported arrest rate between
the ages of 18 and 23 of 30% when non-response is treated as missing at random; and data from the
CJARS project (Papp and Mueller-Smith, 2021), which finds median felony conviction rates across
commuting zones comparable to our CJC rates.
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four-year college degree, while 40% have a parent with a high-school education or

less.

Test scores are normalized to be mean zero and have a standard deviation of one

in the full population of students. However, in the analysis sample (Columns 1 and

2) the average math and reading test scores are slightly higher (0.061 and 0.046),

primarily due to the exclusion of students without a lag score. 17% of the students

have some disciplinary infraction in an average year and 8% have an out-of-school

suspension.

Contact with the justice system is prevalent. A quarter of the students have a criminal

arrest between ages 16 to 21. A substantial share of the children have a serious

incident of CJC between ages 16 to 21: 10% are arrested for an index crime, 10% are

convicted of a crime, and 9% are incarcerated (including both jail and prison). We

do not observe CJC outcomes for all the students in our analysis sample. Columns

3 and 4 report statistics for the sub-sample of the students for which we do observe

CJC outcome. This sample is remarkably similar to our full analysis sample.

Table 1 also reports summary statistics for the sample of children who have a criminal

arrest between ages 16 and 21 (Columns 5 and 6). These students are more likely to

be economically disadvantaged, their parents have less college education, and they are

more likely to be male and Black. In terms of short-run measures, these children have

lower academic achievement, more disciplinary infractions, and more out-of-school

suspensions. They also have lower 12th grade GPA and are less likely to graduate

high school at all.

2 Econometric framework

This section lays out the econometric framework we use to define and estimate teacher

effects on short- and long-run outcomes and their correlation structure. We define the

population parameters and estimands first, then turn to estimation. As is common in

the literature, the main results use a model where teachers have homogeneous effects

on all students (Chetty et al., 2014a; Angrist et al., 2017), an assumption we later

relax. We defer details on tests of our identifying assumptions until after we have

presented the main results.
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2.1 Causal and observational effects of teachers

Consider a population of students indexed by i assigned to one of J possible teachers

in year t. Let Yijt denote the potential value of a generic outcome for student i

if assigned to teacher j at time t.9 Short-run outcomes, such as test scores, vary

across t within student. Long-run outcomes do not, but we preserve the t subscript

because Yijt reflect impacts of potential teacher assignments at time t conditional on

students’ history as of time t. Let Xit denote the student’s exogenous observable

characteristics. If all potential outcomes were observed, they could be decomposed

into the causal effects of teachers and student observed and unobserved heterogeneity

using regression:

Yijt = µj︸︷︷︸
Teacher effects

+ X ′itγ︸︷︷︸
Observed heterogeneity

+ εijt︸︷︷︸
Unobserved heterogeneity

(1)

where E[εijt] = E[εijtXit] = 0 by construction. We normalize the mean of µj to

be zero and include a constant, so that the average causal effect on the outcome of

assignment to teacher j for a random student is E[Yijt|j]−E[Yijt] = µj. Teacher effects

are therefore constant over time, an assumption we relax in robustness exercises.

Since E[µj] = 0, µj captures teacher j’s effects on outcomes relative to the average

teacher.

Since Equation 1 is a simple linear projection of potential outcomes onto observables,

as written it imposes no additional structure on the nature of treatment effects. In the

first part of our analysis, however, we follow the prior literature and assume teacher

effects are homogeneous across students, allowing us to write εijt = εit. We relax this

assumption further below.

We define “observational” teacher effects as the population projection version of Equa-

tion 1 that relates actual teacher assignments to realized outcomes:

Yit =
∑
j

αjDijt +X ′itΓ + uit (2)

9Our unit of observations is a student-subject-year triplet. However, to simplify the notation and
exposition, we follow Chetty et al. (2014a) and focus on the case in which a student has only a single
teacher in each year. Alternatively, i can be defined as indexing student-subject pair.
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where Dijt = 1 if student i is assigned to teacher j in year t and = 0 otherwise, and

Yit =
∑

j YijtDijt is student i’s realized outcome in year t. Equation 2 is a projection

defined by the population requirement that E[uitDijt] = 0 ∀ j. Observational and

causal effects of teachers only coincide, however, when E[εitDijt] = 0 ∀j, implying

that teacher assignments are uncorrelated with unobserved determinants of potential

outcomes. If this is the case, αj = µj ∀j, γ = Γ, and uit = εit, and unbiased causal

effects of teachers can be estimated using sample analogues of Equation 2. We call

this assumption conditional independence:

Assumption 1 Conditional independence: E[εitDijt] = 0 ∀j.

Conditional independence does not necessarily require random conditional assignment

of students to teachers. Instead, teacher assignments must be uncorrelated with un-

observed factors that influence outcomes. This assumption rules out, for example,

some teachers being systematically assigned students who are more likely to do well

on standardized tests than observationally similar peers regardless of their teacher.

But it allows some teachers to be assigned students with different observed or unob-

served characteristics so long as their influence on outcomes is accounted for by the

controls.10

The consensus in the education literature is that Assumption 1 is a plausible restric-

tion (Bacher-Hicks and Koedel, 2023) due to the richness of available controls. In our

case, the covariates Xit include include year-grade-subject fixed effects; third-order

polynomials in lagged math and reading test scores interacted with grade and sub-

ject; indicators for the student’s academically gifted status, behavioral or educational

special needs, economic disadvantage indicators, and English proficiency status; race

and gender; lagged school discipline and grade repetition indicators and lagged days

absent; and school and classroom means of these variables. If a variable is missing

for a particular student, it is replaced with zero and a dummy variable for missing is

included.

We discuss several tests of Assumption 1 in what follows, all of which support its

validity in our application. Nevertheless, some may naturally view conditional in-

dependence as too strong an assumption in practice given that the exact teacher

10This distinction is important in light of Rothstein (2010)’s influential finding that teacher as-
signments are correlated with observables such as twice-lagged test scores in a subset of the same
N.C. data we use. Rothstein’s result is not necessarily inconsistent with Assumption 1.
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assignment mechanism is unknown. We therefore also consider a weaker identifying

assumption known as “forecast unbiasedness.”

Assumption 2 Forecast unbiased effects: µj = αj + ηj and Cov(αj, ηj) = 0.

where ηj is the difference between causal and observational effects. If observational

effects were forecast unbiased and observed without measurement error, a regres-

sion of teachers’ causal effects on their observational effects would yield a coefficient

of one.11 Observational effects are therefore unbiased linear predictors of causal ef-

fects. Assumption 2 requires that the causal effects of teachers who appear high

quality given the students they are actually assigned cannot be systematically over-

or under-estimated. This restricted form of bias is plausible if high quality teachers

are sometimes assigned students likely to excel no matter what, but also sometimes

assigned students who face more challenges.

The discussion so far has considered a generic outcome Yit. In what follows, we

consider multiple short- and long-run outcomes, including math and reading test

scores, proxies for non-cognitive skills such as attendance and suspensions, and future

CJC. Each teacher is therefore characterized by vectors of causal and observational

effects µj = {µ1
j , µ

2
j , . . . , µ

K
j } and αj = {α1

j , α
2
j , . . . , α

K
j }, for each of K outcomes.

Likewise, Assumptions 1 and 2 can be invoked for the causal and observational effects

of teachers on each outcome separately.

2.2 Parameters of interest and estimation

We focus on estimating the variance-covariance matrix of latent teacher effects αj.

The variance of elements of αj measures how important effects are for particular

outcomes. The covariance of elements αj measures how teachers’ impacts relate across

dimensions. The covariance of effects for test scores and future CJC, for example,

determines whether teachers that boost scholastic achievement also reduce future

criminality. Rescaling covariances by variance estimates to mimic the classic variance-

covariance representation of a bivariate regression coefficient, one can easily estimate

the effect of assignment to a teacher with one standard deviation larger latent effect

on test scores on a long-run outcome.

11In practice, αj is estimated with error and α̂j is not a forecast unbiased predictor of µj even if
Assumption 2 holds. We detail how we overcome this issue when testing this assumption below.
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Because αj are population projection coefficients, OLS estimates of αj are unbiased

when the data are a random sample from the population. But they are also noisy. As

a result, the variance of α̂j will overstate the true variance of αj. Due to correlated

sampling error across outcomes, sample covariances between elements of α̂j may also

yield biased estimates of the covariances between elements of αj.

We use variations on established approaches to obtain unbiased estimates of both

latent effect variances and covariances (Kline et al., 2020). Our approach allows us to

non-parametrically characterize the distribution of teacher effects without the use of

an intermediate shrinkage step or specifying a complete statistical model. To begin,

define the variance of teacher effects (for a generic outcome) as:

V ar(αj) =
1

J

J∑
j=1

α2
j −

 1

J

J∑
j=1

αj

2

=

(
J − 1

J

)
1

J

J∑
j=1

α2
j − 2

1

J2

J−1∑
j=1

J∑
k>j

αjαk (3)

To construct our estimator of V ar(αj), we begin with teacher-year-level mean resid-

uals from OLS estimates of Equation 2:

Ȳjt =
1

njt

∑
i|j(i,t)=j

Yit −X ′itΓ̂ = αj + v̄jt

where njt is the number of students assigned to teacher j and time t, v̄jt = 1
njt

∑
i|j(i,t)=j uit+

X ′it(Γ − Γ̂), and E[v̄jt] = 0.12 We assume v̄jt is uncorrelated across years, which al-

lows for classroom- or school-level shocks in each period t but restricts them to be

independent over t.13

Assumption 3 Uncorrelated teacher-year estimation error: E[v̄jtv̄jt′ ] = 0 ∀j, t 6= t′

If Assumption 1 holds, then Assumption 3 can be understood as requiring that any

sorting on unobservables is uncorrelated across t for each teacher. This requirement

rules out sequentially correlated “runs” in unobserved student quality within teacher

12Γ̂ is estimated with teacher dummies as in Equation 2. This implies that the teacher-level means
of Yit − X ′

itΓ̂ are identical to estimates of teacher fixed effects obtained by estimating Equation 2

directly. They would not necessarily be identical if Γ̂ were estimated without teacher dummies, a
version of “improper” Frisch–Waugh–Lovell.

13Correlation in Xit across years for a given teacher may nevertheless violate Assumption 3 due
to any estimation error in Γ̂. Given the very large sample, any estimation error in Γ is likely to be
small, mitigating this concern.
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and is not imposed by Assumption 1 alone, which simply requires that unobservable

sorting be mean zero for each teacher when averaging across all t. It is straightforward

to relax Assumption 3 further, however, by assuming that it holds across t separated

by at least m years: E[v̄jtv̄jt′ ] = 0 ∀j, |t− t′| > m. We explore sensitivity to m further

below when testing for “drift” in teacher effects.

Under Assumption 3, an unbiased estimator of V ar(αj) is:

V̂ ar(αj) =

(
J − 1

J

)
1

J

J∑
j=1

(
Tj

2

)−1 Tj−1∑
t=1

Tj∑
k=t+1

ȲjtȲjk − 2 · 1

J2
·
J−1∑
j=1

J∑
k>j

Ȳj Ȳk (4)

where Tj is the number years observed for teacher j and Ȳj = 1
Tj
Ȳjt. This estimator

is simply the average product of teacher-level residuals across all pairs of years. It

eliminates the bias in the variance of the estimated α̂j by leaving out products of

residuals from the same year. Similar estimators have been used in prior work to

estimate the variance of teacher effects on short-run outcomes, typically by taking

the average product of mean residuals across random pairs of classrooms (e.g., Chetty

et al., 2014a; Jackson, 2018).14

V̂ ar(αj) is also numerically equivalent to the variance of the estimated α̂j minus a

correction due to sampling variance based on the standard error of each α̂j (Kline

et al., 2020):

1

J

J∑
j=1


(
Ȳj − Ȳ

)2︸ ︷︷ ︸
Variance of
observed α̂j

−
(

1− 1

J

)
σ̂2
j

Tj︸ ︷︷ ︸
Correction for sampling variation

using standard error of α̂j

 (5)

where Ȳj = 1
Tj

∑Tj
t=1 Ȳjt, Ȳ = 1

J

∑J
j=1 Ȳj, and σ̂2

j = 1
Tj−1

∑Tj
t=1(Ȳjt − Ȳj)

2. Similar

estimators have been used in a variety of applications, including estimates of the

variance of teacher effects (e.g., Krueger and Summers, 1988; Aaronson et al., 2007;

Kline et al., 2021).

14For example, Jackson (2018) used the estimator Et,t′

[
1
J

∑J
j=1(Ȳjt − Ȳt)(Ȳjt′ − Ȳt′)

]
and approx-

imated the expectation using the median value in 200 Monte Carlo simulations. Our estimator uses
all possible pairs of years within a teacher instead of simulations.
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Our second object of interest is the covariance of teacher effects across outcomes.

Using test score and CJC effects—αAj and αCj —as an example, this estimand is:

Cov(αAj , α
C
j ) =

1

J

J∑
j=1

αAj α
C
j −

 1

J

J∑
j=1

αAj

 1

J

J∑
j=1

αCj

 (6)

Now the source of potential bias is correlated sampling error in teacher effects esti-

mates across outcomes. Unlike variance estimation, where measurement error leads

to over-dispersion, correlated measurement error across outcomes can bias covariance

estimates in either direction.

Our covariance estimator is constructed assuming that Assumption 3 holds across

outcomes and, much like V̂ ar(αj), excludes products of residuals from the same

year:

Ĉov(αAj , α
C
j ) =

(
J − 1

J

)
1

J

J∑
j=1

(
Tj

2

)−1 Tj−1∑
t=1

Tj∑
k=t+1

Ȳ A
jt Ȳ

C
jk − 2 · 1

J2
·
J−1∑
j=1

J∑
k>j

Ȳ A
j Ȳ

C
k (7)

As with the variance estimator, Ĉov(αAj , α
C
j ) is numerically equivalent to taking

the covariance of estimated effects across outcomes and subtracting a correction for

within-teacher correlated measurement error:

1

J

J∑
j=1


(
Ȳ A
j − Ȳ A

) (
Ȳ C
j − Ȳ C

)︸ ︷︷ ︸
Observed covariance

across teachers

−
(

1− 1

J

)
Ĉov

A,C

j

Tj︸ ︷︷ ︸
Correction for correlated

sampling error

 (8)

where Ĉov
A,C

j = 1
Tj−1

∑Tj
t=1

(
Y A
jt − Ȳ A

j

) (
Y C
jt − Ȳ C

j

)
.15

Comparison to alternative approaches. The prior literature often uses the co-

variance of EB posteriors to study how teachers’ impacts along multiple dimensions or

across multiple groups are related. Standard linear EB posteriors typically “shrink”

observational estimates towards the overall mean with weights related to each esti-

mate’s sampling variance. The variance of EB posteriors is generally smaller than

15So far, we assumed that all outcomes are observed in all the years. In Appendix C, we present
a generalization of the estimator in Equation 7 that allows for one outcome to be observed for more
periods than another.
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the variance of latent effects as a result of this shrinkage step, however. This can

make it difficult to compare effects across groups or outcomes, since both the vari-

ance of latent effects and degree of shrinkage may be changing. In Appendix B, we

show that the covariances of EB posteriors across outcomes or student groups also do

not identify the covariance in latent true teacher effects due to the shrinkage factors

and correlated sampling error. To illustrate the severity of the bias, we conducted a

simulation study calibrated to the variance-covariance of teacher effects and sampling

error in our data. We find that correlated sampling error is important; its magni-

tude can be larger than the correlation in true teacher effects across outcomes. We

show that this leads covariances of EB posteriors across outcomes to be significantly

biased and potentially the wrong sign, even with over 1,000 student observations per

teacher.

Inference. An additional benefit of our approach is that it is possible to construct

analytic expressions for the sampling variances of the estimators in Equations 4 and 7,

as well as their sampling co-variances. Appendix C explains how. We use this result

to conduct inference instead of relying on bootstrap routines that may be misleading

in high-dimensional models (Karoui and Purdom, 2016). Doing so also allows us to

avoid the inferential complications that arise when using EB posteriors as explanatory

variables in second-step regressions, as in Chetty et al. (2014b).

2.2.1 Interpretation under Assumption 1

When Assumption 1 holds, these estimators provide unbiased estimates of the variance-

covariance of causal effects of teachers across outcomes because the distribution of

observational (αj) and causal (µj) teacher effects coincide.

2.2.2 Interpretation under Assumption 2

When only Assumption 2 holds, observational variance estimates provide a lower

bound on the variance of causal effects, since V ar(µj) = V ar(αj) +V ar(ηj) (Abaluck

et al., 2020). However, the difference between observational and causal covariance

estimates—e.g., between Cov(µAj , µ
C
j ) and Cov(αAj , α

C
j )—depends on the correlation

in teacher-level bias across outcomes. For example, if biases are uncorrelated across

outcomes and with underlying causal effects—e.g., Cov(ηAj , η
C
j ) = Cov(µAj , η

C
j ) =

Cov(ηAj , µ
C
j ) = 0—the observational covariance equals the causal covariance.
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Given the large set of controls for prior test scores and disciplinary infractions included

in our models, it is possible that Assumption 1 holds for short-run outcomes such as

test scores but not for long-run outcomes such as CJC. In this case, observational and

causal covariances are related by Cov(αAj , α
C
j ) = Cov(µAj , µ

C
j ) − Cov(µAj , η

C
j ). They

therefore coincide whenever Cov(µAj , η
C
j ) = 0, implying that sorting bias in teacher

effects on future CJC is orthogonal to teachers’ causal effects on test scores.16 This

expression also makes the direction of any potential bias clear. It seems plausible, for

example, that the “best” teachers—i.e., with the most positive causal effects on test

scores—teach in classrooms occupied by the students least likely to be arrested con-

ditional on the controls. This pattern of sorting would make estimated observational

correlations more negative than causal correlations. As we show below, however, we

estimate zero correlation between observational test score and CJC effects, leaving

little scope for large negative causal correlations.

3 The causal effects of teachers

This section begins by estimating teacher effects on students’ future CJC. We then

examine the correlation structure of teacher effects on short- and long-run outcomes.

Finally, we conduct multiple tests of Assumptions 1 and 2 to support the causal inter-

pretation of our estimates and demonstrate the robustness of our results to alternative

specifications.

3.1 Effects on CJC

We begin by estimating the impacts of teachers on students’ CJC in early adulthood

and comparing these estimates to effects on long-term academic outcomes. Table 2

presents variance-covariance estimates of these effects. The diagonal entries reflect

estimated standard deviations and the off-diagonals are correlations across outcomes.

The first four columns show effects on four measures of CJC: any interaction (in-

cluding traffic tickets and other non-criminal violations), criminal arrests, arrests for

index crimes, and incarceration. The final three columns show effects on 12th grade

GPA (measured on a six point scale), graduation, and plans for four-year college

attendance.

16Similar arguments are made in the case of adult earnings in Chetty et al. (2014b).
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Estimated teacher effects on future CJC are large. A one standard deviation increase

in teacher effects would increase the likelihood of future criminal arrest, arrests for in-

dex crimes, and incarceration by 0.027, 0.018, and 0.021 p.p., respectively, or 11.25%,

18%, and 23.6% of the outcome mean. Teacher effects are thus larger proportionally

for more severe CJC outcomes. Effects on 12th grade GPA, graduation, and col-

lege attendance are also large with, for example, an estimated standard deviation of

teacher effects on the latter of roughly 0.05 p.p.

Effects on these long-run outcomes are correlated in ways one would expect. Teachers

who decrease their students’ odds of future CJC also make them more likely to attend

college and to have better grades as seniors. Moreover, teachers’ effects on the like-

lihood of future arrest are positively correlated with their effects on the probability

of incarceration, as would be expected given that incarceration typically requires a

preceding arrest.

3.2 Effects on short-run outcomes

Table 3 presents estimates of the variance-covariance structure of teacher effects on

short-run outcomes based on the estimators in Equations 4 and 7. The diagonal

entries reflect estimated standard deviations for the outcome in the row/column. The

off-diagonals are estimated correlations of effects on the row/column outcomes. The

top-left entry, for example, shows that the estimated standard deviation of teacher

effects on test scores—combining homeroom, math, and reading teachers—is 0.121.

Since test scores are normalized to have a mean of zero and standard deviation of one

in the full population of students, this means that a one standard deviation increase in

teacher test score quality increases students’ scores by 12.1% of a standard deviation

on average. The following two columns break test score effects into effects on math

and reading. As in other studies, we estimate a standard deviation of teacher reading

effects that is roughly half as large as teachers’ math effects.17

The fourth column of Table 3 shows wide variation in teacher effects on study skills.

The estimated standard deviation is 0.183. Unsurprisingly, study skills effects are cor-

related with effects on test scores (0.317), suggesting teachers whose students complete

more homework and substitute from watching television to reading also tend to see

increases in test scores.

17Figure A.1 shows these estimates are comparable to results from other recent studies.
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The fifth column shows that the estimated standard deviation of teacher effects on

behaviors is 0.125. Recall that the behavioral index is normalized to have a standard

deviation of one in our sample, so this estimate also implies that a standard devia-

tion increase in teacher behavioral effects improves behaviors by 12.5% of a standard

deviation of the outcome. Interestingly, teacher effects on behaviors are only weakly

correlated with teacher effects on test scores. The correlation between behavioral

effects and overall test score effects, for example is 0.056. Similarly, behaviors and

study skills effects are only weakly related with a correlation of 0.033. While perhaps

surprising, similar results have been found in other contexts. Jackson (2018) and

Petek and Pope (2021) find a correlation of 0.15 between teacher value-added on a

behavioral index and test scores.18

3.3 Connecting short- and long-run effects

How are short- and long-run effects related? One simple summary statistic is the

coefficient from a population regression of teacher effects for long-run outcome C on

short-run effects for outcome A, or
Cov(αC

j ,α
A
j )

V ar(αA
J )

. Using the estimators in Equations 4

and 7, it is straightforward to obtain a plug-in estimate of this object. Figure 1 reports

these estimates for the long- and short-run outcomes studied above. Each coefficient

has been re-scaled by the standard deviation of short-run outcome effects, so that

they can be interpreted as the implied impact on the long-run outcome of exposing

a student to a teacher with one standard deviation higher effects on the short-run

outcome.

The signs of effects are normalized so that the hypothetical change always results in an

improvement in the short-run outcome (e.g., higher test scores, fewer suspensions).

The bars are grouped by short-run outcome, with each bar showing the estimated

effect on each long-run outcome. The figures above the bars report effects as a per-

centage of the outcome’s baseline mean. Because we measure the variance-covariance

structure of latent teacher effects, these estimates reflect impacts of assignment to

teachers whose actual impacts on the short-run outcome are one standard deviation

18Petek and Pope (2021) is the only other estimate, to our knowledge, of the correlation between
teacher effects on study skills and test scores or a behavioral index. Interestingly, they find the
opposite pattern: a strong correlation between teacher effects on learning skills and behaviors (0.459)
and a weaker correlation between learning skills and test score teacher value-added (0.174). Study
skills are measured in different ways in Petek and Pope (2021), possibly explaining the differences.
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higher. We return to the costs of needing to estimate individual teachers’ effects in

finite samples in the last section of the paper.

Panel (a) presents the results for any CJC, criminal arrests, arrests of index crimes,

and incarceration. Consistent with the small estimated correlations, shifting students

to teachers better at increasing test scores has limited impacts on future arrests.

Effects on any CJC and criminal arrests are small, with confidence intervals that

include zero. Effects on arrests for index crimes and incarceration are larger but still

no more than 0.7 percentage points. Teachers’ effects on study skills show similar

patterns, with effects statistically indistinguishable from zero. For the purposes of

recruiting, retaining, or rewarding teachers likely to help their students avoid criminal

careers, therefore, test score and study skill value-added is not likely to be particularly

useful metric.

Unlike CJC outcome, we find that teachers who increase test scores do increase stu-

dents’ 12th grade GPA, their likelihood of graduation, and their plans to attend

four-year college. The estimated effect of a one standard deviation shift in teacher

quality on the latter is roughly 1.3% (roughly 0.6 p.p., similar to the estimated impact

on actual college attendance in Chetty et al. (2014b) of 0.86 p.p.). Table A.1 shows

that we find similar patterns but different magnitudes when using conventional meth-

ods that regress students’ future CJC on assigned teachers’ value-added estimated in

a multi-step EB procedure. The effect of assignment to a teacher with one standard

deviation higher test score value-added on future criminal arrests, for example, is 0.08

p.p., while impacts on college attendance are 0.4 p.p.

By contrast, Panel (b) shows that exposing students to teachers with more positive

effects on behaviors has a large impact on future CJC. A one standard deviation shift

in behavioral effects is associated with a 2.3% decrease in the likelihood of a criminal

arrest and a 3% reduction in the likelihood of being incarcerated between ages 16 to

21. Teacher quality measured through their impacts on these outcomes, therefore, is

very relevant for improving students’ long-run criminal justice outcomes.19 As with

19Part of the long-run effects of exposure to teachers with positive effects on behaviors may flow
through development of certain skills and part may flow through the impacts of the behavior itself.
Bacher-Hicks et al. (2019), for example, find that assignment to schools with more strict discipline
policies results in more criminal justice contact. Sorensen et al. (2019) report similar findings.
Consistent with our results, Bacher-Hicks et al. (2019) also find that schools that improve test scores
do not impact future arrests or incarceration.
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test scores, Table A.2 shows similar patterns but generally smaller effects when using

alternative regression-based estimators.

3.4 Multivariate relationships between teacher effects

Estimates of the variance-covariance structure of teacher effects can be used to es-

timate the infeasible regression of teachers’ effects on CJC on all of their short-run

effects simultaneously:

αCj = β0α
A
j + β1α

B
j + β2α

S
j + ej

where superscripts A,B, and S indicate effects on test scores, behaviors and study

skills, respectively. β = (β0 β1 β2)′ is straightforward to calculate given variance-

covariance estimates, since:

β = E[(αAj α
B
j αSj )′ · (αAj αBj αSj )]−1E[(αAj α

B
j αSj )′αCj ]

Table 4 presents estimates of β. Consistent with Figure 1, “horse-racing” the short-

run effects shows that the key predictor of teachers who reduce CJC is teachers’

effects on behaviors. Test score effects have negligible impacts on future CJC, while

behavioral effects have much larger ones. For 12th grade GPA, graduation, and college

attendance, both effects matter independently and enter with substantial regression

coefficients.

Given estimates of the total variation in effects on long-run outcomes from Table 2,

it is straightforward to calculate the implied R2 from these regressions. For criminal

arrests, the R2 is 0.042, while for college attendance it is 0.02. Thus only a small

share of the total variance in teacher effects on long-run outcomes is jointly explained

by all short-run effects. This result implies that while behavioral effects are strongly

correlated with criminal arrests, teachers also impact CJC in many ways orthogonal

to their impacts on suspensions, attendance and grade repetition. The same is true

to an even greater degree for 12th grade GPA, high school graduation, and college

attendance. Any policy focused on these short-run outcomes will therefore likely

neglect substantial heterogeneity in teachers’ importance for each of these long-run

outcomes.
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3.5 Validating effects

In this section, we present multiple additional analyses that support the casual in-

terpretation of our previous estimates for both short- and long-run outcomes. The

robustness analyses include tests for omitted variable bias, checks for forecast unbi-

asedness, analyses that relax Assumption 1 and allow for unrestricted school effects,

and investigations of the sensitivity of results to different specification and modeling

choices.

3.5.1 Omitted variables tests of Assumption 1

The causal effects of teachers defined in Equation 1 are invariant to the inclusion of

additional controls in the model. A natural test of Assumption 1 therefore assesses

the sensitivity of observational effects of teachers to the inclusion of controls excluded

from the original model, denoted Wit. Specifically, consider the augmented “long”

regression model given by:

Yit =
∑
j

α̃jDijt +X ′itΓ̃ +W ′
itρ+ ũit (9)

The canonical omitted variable bias formula implies that the sensitivity of α̂j to the

omission of Wit is identified by a regression of W ′
itρ on Dijt. Likewise, the sensitivity

of the relationship between α̂it =
∑

j α̂jDijt and outcomes is identified by a regression

of W ′
itρ on α̂it.

20 Critically, it must be that V ar(W ′
itρ) > 0, otherwise such tests will

show no sensitivity mechanically. We show below, however, that our omitted variables

are strongly predictive of outcomes conditional on the regular controls Xit.

Results. Figure 2 depicts the correlation between estimated teacher effects (α̂it =∑
j α̂jDijt) and predicted outcomes (Ŷit = W ′

itρ̂) using twice-lagged test scores, parental

education, and family fixed effects for twins as omitted variables.21 Estimates of

teacher effects come from OLS estimates of Equation 2 with our standard set of con-

20These are the “short” regressions. Any sensitivity of observational estimates to omitted variables
may occur due to either sorting bias or heterogeneous effects of teachers. Including additional controls
in the model implicitly changes the conditional variance of Dijt and the types of students—in terms
of their Xit—given most weight in estimating each teacher’s effects. Although we find that our
primary estimates are not sensitive to omitted variables, we extend the model to allow for potential
heterogeneity in teacher effects in the final part of the paper.

21Non-twins are also included and grouped into a single fixed effect.
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trols. Estimates of ρ come from OLS estimates of Equation 9.

For all outcomes, teacher effects are uncorrelated with predicted outcomes. The mag-

nitude of each slope coefficient is extremely small. The slope coefficient for any crim-

inal arrest between ages 16-21, for example, is 0.00135. This estimate implies that

the impact of a one standard deviation increase in teacher effects on future arrests

(σy = 0.027—see Table 2) may be biased by 0.027 ·0.00135 = 0.000036 due to omitted

variables. Similar results hold for test scores, behaviors, and academic long-run out-

comes, as is shown in Figure A.2 and Tables A.3, A.4, and A.5). Though these tests

include all students, results change little when regressing Ŷit on α̂it in the sample of

twins only.

Columns 1, 3, and 5 of Table A.3 demonstrate that these omitted variables strongly

predict test scores, behavioral measures, and study skills.22 Table A.4 reports analo-

gous estimates for long-term CJC outcomes. The patterns are similar. Reassuringly,

the omitted variables are especially predictive of criminal arrests, our main outcome

of interest. Including them in the teacher effect specification increases the R2 from

0.089 to 0.107, a 20% increase in the model’s explanatory power.

We emphasize that the identifying assumption in our model is not that teachers are

conditionally randomly assigned. Instead, Assumption 1 requires only that teacher

assignments are conditionally mean independent of the relevant unobservables. Al-

though Rothstein (2010) shows that teacher assignments are correlated with twice-

lagged scores, the preceding exercises show that including these variables in the model

does not impact estimated teacher effects, consistent with Assumption 1 and the ar-

guments in Chetty et al. (2016, 2017) and Jackson (2018).

3.5.2 Instrumental variable tests of Assumptions 1 and 2

Define the population projection of teachers’ causal effects onto observational effects

as:

µj = λαj + ηj

Assumption 1 implies that λ = 1 and ηj = 0 ∀j. Assumption 2 implies only that

22Columns 2, 4, and 6 report the regression coefficients underlying Figure 2.
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λ = 1. With an appropriate instrument, it is possible to test whether λ = 1, a

sufficient condition for Assumption 2 and a necessary condition for Assumption 1.

To see how, consider the relationship between estimated observational effects and

outcomes implied by the causal model:

Yit = λα̂it +X ′itγ + εit + ηit + λξit (10)

where α̂it =
∑

j α̂jDijt, α̂j = αj − ξj, ξit =
∑

j ξjDijt, and ηit =
∑

j ηjDijt.

OLS estimates of λ are inappropriate because α̂it may be correlated with εit, ηit, and

ξit. In fact, if α̂it is estimated in the same data as Equation 10, λ̂ = 1 mechanically.

However, given an instrument Zit that is relevant (i.e., Cov(Zit, α̂it) 6= 0) and exclud-

able (i.e., Cov(Zit, εit) = Cov(Zit, ηit) = Cov(Zit, ξit) = 0), it is possible to estimate λ

using 2SLS.23

We use teacher switches across schools and grades to develop instruments. Intuitively,

these test ask whether teachers’ observed impacts on outcomes when they enter a new

school or school-grade match what we would predict based on their impacts in other

data. To define the instrument, let Eit be an indicator for whether a new teacher

enters school-grade sg(i, t). Let α̃sgt be the mean of α̂j for all new teachers in sg

and time t, where α̂j is estimated using all school-grades except sg. The instrument

at the school-grade level is Zit = Eitα̃sg(i,t)t and is defined analogously at the school

level.24

We assume that new teacher entry is uncorrelated with student unobservables, or

Cov(Zit, εit). Because the instrument is defined at the school-grade (or school) level,

any within school-grade (or school) sorting is not a concern. This assumption rules

out, however, teachers with higher estimated effects systematically entering schools

23Angrist et al. (2017) develop related tests for bias in observational estimates of school effects
using lottery-based admissions offers. Since we use a single instrument, our test is equivalent to the
“omnibus” test for bias they propose. Abaluck et al. (2020) exploit plan termination to test for
forecast bias in observational estimates of mortality differences across health insurance plans. As
noted above, λ = 1 both when effects are unbiased and when they are only forecast unbiased.

24Chetty et al. (2014a) and Bacher-Hicks et al. (2014) exploit changes in estimated teacher effects
and changes in outcomes within a school-grade to estimate λ. This approach is equivalent to stacking
the data for each pair of consecutive years, controlling for school-grade-pair effects, and using the
interaction of school-grade indicators and indicator for the second year in each pair as the instrument.
Since this approach exploits many instruments, an important concern is whether a weak first stage
may bias estimates towards the OLS estimate of 1.
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or school-grades where students are more likely to excel on average.25 We also assume

that the instrument is uncorrelated with teacher-level bias (i.e., Cov(Zit, ηit) = 0) and

estimation error in teacher effects (i.e., Cov(Zit, ξit) = 0). Estimating α̃sgt using all

school-grades beside sg bolsters this assumption.

Results. Table 5 reports estimates of λ using teacher switches at the school and

school-grade level. Panel (a) shows that for all short-run outcomes we cannot reject

λ = 1. For test scores, for example, the point estimate using teacher switches across

school-grades is 1.002 (0.012). Estimates for behavioral measures and study skills are

similar, but slightly less precise due to the shorter panel over which they are observed.

Estimates for teachers’ direct effects on long-run outcomes in Panel (b) are likewise

consistent with no bias. In each case, we cannot reject λ = 1, although λ is less

precisely estimated than for short-run outcomes.26

The appendix contains several variations on Table 5 that probe the robustness of

these results. Table A.6, for example, demonstrates that we also cannot reject un-

biased effects when school-grade fixed effects are included, so that only variation in

which teachers are assigned to a given school-grade is exploited. Table A.7 shows

the sensitivity of our estimates of λ for our primary long-run outcome, any criminal

arrests, with increasingly fine-grained sets of fixed effects, and demonstrates that the

instrument is uncorrelated with predicted outcomes based on parental education and

twice-lagged test scores.27

3.5.3 Are teacher effects actually school effects?

To show that our estimates indeed reflect the causal effects of teachers and are not

confounded by omitted school effects, we conduct two complementary analyses. The

first allows for arbitrary sorting of students to teachers within a school but assumes

that within-school selection is uncorrelated across schools. The second allows for

arbitrary sorting of teachers across schools but assumes that assignment of teachers

to students within a school is conditionally random (Assumption 1). Both analyses

25This assumption need hold only conditional our standard student-level controls, as well as addi-
tional ones such as district-grade-year fixed effects.

26The large first-stage F-statistics reported at the bottom of the table also indicate that the
instruments induce substantial variation in exposure to high and low quality teachers.

27Although Rothstein (2017) argues that teacher switches in N.C. are correlated with student pre-
paredness, our tests only require switches to be conditionally orthogonal to unobserved determinants
of outcomes. Table A.7 shows that this holds for CJC.
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yield results similar to our main estimates, supporting the causal interpretation of our

teacher effect estimates.

Our first robustness analysis estimates the variance-covariance of teacher effects using

teachers who switch schools and exploits the relationship between their short- and

long-run effects across schools. If school effects drove our estimates, we would expect

meaningful attenuation, since this approach effectively asks whether teachers who

improve behaviors in school A reduce CJC in school B, or whether teachers who

improve test scores in school A also do so in school B, and so on.

The variance-covariance estimators are analogous to those in Equations 4 and 7:

(
J − 1

J

)
1

J

J∑
j=1

(
Sj

2

)−1 Sj−1∑
s=1

Sj∑
k=s+1

ȲjsȲjk − 2 · 1

J2
·
J−1∑
j=1

J∑
k>j

Ȳj Ȳk (11)

where Sj is the number of schools that teacher j teaches at during the sample period

and Ȳjs is the teacher’s mean residual in school s, or 1
njs

∑
t|s(j,t)=s

∑
i|j(i,t)=j Yit−X ′itΓ̂.

Only teachers who move across school, i.e., those with Sj ≥ 2, are included.

In addition to testing for omitted school effects, the estimator defined in Equation

11 significantly weakens our identifying assumptions by allowing for arbitrary sort-

ing of students to teachers within a school. It rules out however, common sorting

across schools, such as a scenario in which students who are more likely to excel on

standardized tests are assigned to teacher j both in school A and in school B.

Results. Table A.8 reports estimates of infeasible regressions of long-run latent

teacher effects on short-run effects based on this approach. As in the primary esti-

mates, test score effects are weakly related to future CJC, unlike behavioral effects.

The impact of a one standard deviation increase in teacher behavioral quality is similar

to that of estimates that utilize all variation.

The overall standard deviations of teachers’ direct effects on long-run outcomes are

slightly smaller for some outcomes, but still large. Effects on any criminal arrest, for

example, have an estimated 1.9 p.p. standard deviation relative to 2.7 in estimates

leaving out a year rather than a school. As in the primary estimates, however, all

short-run effects continue to explain a relatively small share of the variance in long-

run effects (<11%).28 Moreover, among the set of teacher who switch schools, Figure

28Because the set of teachers who switch schools may be different then the overall population,
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A.3 shows that variance and covariance estimates of teacher effects using the primary

estimator and this between-school version have a correlation of 0.99. Omitted school

effects are therefore unlikely to explain our conclusions.

Our second robustness analysis estimates the variance-covariance of latent teacher

effects on all outcomes separately for each school using Equation 4 and computes

the weighted average. These estimates exploit purely within-school variation, only

comparing the impacts of teachers working in the same environments. Any potential

school effects would thus be washed out, along with any differences in average teacher

effects across schools.

Results. Table A.9 reports the implied regression coefficients summarizing the rela-

tionship between short- and long-run effects using this approach. Estimates are very

similar to those using across-school variation in teacher effects in Table 4. Teachers’

effects on behaviors strongly predict long-run CJC outcomes such as criminal arrest

and incarceration. Moreover, teachers’ effects on test scores are much less predictive

of future CJC, with coefficients ten times smaller than those on behavior. The to-

tal variance of teachers’ direct effects on each long-run outcome is naturally lower,

reflecting the fact that we have excluded all between-school variation.

3.5.4 Specification robustness

To explore how sensitive our results are to modeling choices, we estimate a large num-

ber of specifications using 811 different potential sets of controls and, in each case,

construct estimates of the impact of a one standard deviation increase in a teacher’s

test score and behavioral effects on the likelihood of a future criminal arrest.29 All

models include lag third-degree polynomials in math and reading scores interacted

with grade, as well as year-grade-subject fixed effects. Other possible controls include

school, school-grade-year, or school-grade-classroom-year means of other included co-

variates, lag absences and discipline, exceptionality and gifted indicators, limited En-

glish proficiency status, gender and race, parental education, grade repetition, and

twice-lagged test scores. The results reported in Figure A.4 show that our preferred

specification is not an outlier. For test scores effects, our preferred estimate is close

the median estimate found when including most potential controls. For behavioral

there is no reason to expect direct effect variances to be identical to the primary estimates.
29Study skills effects are omitted for brevity and to speed computation.
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effects, the estimate is among the most conservative possible.

4 Heterogeneous effects

The preceding analysis assumes that teacher effects are the same across students and

schools. It is possible, however, that some teachers excel at reaching particular types

of students or adjust their teaching priorities based on the classroom environment.

Teachers’ impacts on particular types of students may thus differ from their average

effects. To examine this question, we extend the model in Equation 2 to allow for

heterogeneous teacher effects:

Yijt =
∑
j

(
µj + U ′itβj

)
Dijt +X ′itΓ + εit

where Uit is a subset of Xit, such as race, gender, or socio-economic status normalized

to be mean zero. Teacher effects depend on these observables, with µj(u) = µj +

u′βj denoting teacher j’s effects on students with observables u. Estimating this

model under Assumption 1 allows us to estimate the variance-covariance structure of

teachers’ effects within and across groups.

The estimation strategy laid out in Section 2.2 makes incorporating heterogeneity in

teacher effects simple. For example, to estimate the covariate in teacher effects on

test scores between boys and girls, all that is needed is to change the teacher-year

average residuals in Equation 7 to be of boys test scores in one year and girls test

scores in another year, rather than of test scores and CJC.

We focus on four sets of student characteristics: white vs. non-white students, boys vs.

girls, students who are economically disadvantaged vs. not, and student with above

vs. below median predicted arrest risk. Table A.10 presents averages of student

characteristics and short- and long-run outcomes for these groups. A few disparities

are worth noting. White students are meaningfully less likely to have CJC than non-

white students, including a seven p.p. (33%) lower likelihood of a criminal arrest and

3.7 p.p. (51%) lower likelihood of being incarcerated. Similarly, girls and students

from higher socioeconomic backgrounds have lower CJC rates.

Wide variation in the incidence of CJC suggests that teacher effects on CJC may vary

considerably across groups. Table A.11 presents estimates of teacher effects on CJC

28



outcomes for different students. Effect variances are often larger for groups with a

higher prevalence of CJC, but remain substantial for all student types and for both

moderate and more serious contact types. Examining Columns 1 and 2, for example,

shows that teacher effects are more dispersed for non-white than for white students.

Estimates are similar, however, for some groups with large differences in baseline CJC

rates. The standard deviation of teacher effects on criminal arrests is 2.72 p.p. for

economically disadvantaged students and 2.97 p.p for non-disadvantaged students,

despite a nearly 100% difference in average arrest rates.

Even if teacher effects vary widely in multiple sub-populations, any individual teacher’s

effects may differ across students. Figure 3 examines this possibility by plotting the

estimated correlation of teachers’ effects across student types. For test scores, we find

surprisingly high correlations for all groups. Teachers’ test score effects on boys vs.

girls, white vs. non-white students, students who are economically disadvantaged vs.

not, and student with above vs. below median predicted arrest risk all have correla-

tions about 0.9. Teachers’ effects on cognitive outcomes therefore largely generalize

across a wide variety of students. Teachers’ effects on study skills show a similar pat-

tern. Effects on behaviors are also strongly correlated, although less so. For example,

the correlation of effects for boys vs. girls is roughly 0.75. Hence teacher quality for

promoting non-cognitive skills also generalizes to a large degree across groups. Good

teachers, as measured by short-run outcomes, thus appear to largely be good teachers

for everyone.

Panels (b) and (c) of Figure 3 show that teachers’ direct effects on long-run out-

comes, however, display much weaker correlations for some groups. The correlation

of teacher effects on white and non-white students’ criminal arrests, for example, is

roughly 0.5. As noted earlier, teacher effects on all short-run outcomes explain a small

share of the variation in effects on long-run outcomes. Teachers’ impacts on students

through channels potentially uncorrelated to short-run outcomes are therefore highly

heterogeneous.

Finally, we connect these estimates by calculating the implied effects on long-run

outcomes of exposing students to teachers with higher student type-specific quality.

Figure 4 shows that across various groups, teachers who improve behaviors also reduce

the likelihood of future arrests and incarceration. However, as Figure A.5 shows,

teachers who improve test scores are not the ones who reduce CJC across all student
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types. The results highlight the generality of the findings in Figure 1.

5 Implications for teacher retention policies

There has been substantial discussion of how estimates of teachers’ impacts on student

outcomes can be incorporated into teacher retention decisions (Rothstein, 2010; Neal,

2011; Chetty et al., 2014a). Ideally, a district would evaluate teachers based on their

impacts on students’ long-run well being. Doing so is not typically feasible, however,

since long-run outcomes are by definition not observed for many years. As a result,

in practice teachers are evaluated using their impacts on short-run outcomes, such

as test scores. Moreover, since teacher’s true impacts on short-run outcomes are not

observed, districts must use estimated effects to make decisions.

To demonstrate the implications of our findings for policy, we compare the potential

impacts of policies that replace the worst-performing teachers based on various mea-

sures with an average teacher. Since there are multiple relevant long-run outcomes,

we construct possibility frontiers that trade off potential gains on long-run academic

and CJC outcomes by placing different emphasis on different measures of teacher

quality.30

We begin with the ideal (and infeasible) measures that directly capture teachers’

effects on long-run outcomes. Specifically, consider a district that seeks to increase

college attendance and reduce criminal arrests. As demonstrated above, teachers who

increase the former are not necessarily those that reduce the latter. Denote teacher

effects on college attendance by µAj and on future criminal arrests by µCj . The long-run

score is a simple weighted average:

Indexlong-run
j = ωµCj + (1− ω)µAj , ω ∈ [0, 1] (12)

By varying ω, it is straightforward to trace out potential gains in each outcome from

replacing the 5% of teachers with the worst score. The rightmost dotted curve in

30To provide a simple connection between our variance estimates and the relevant quantities for
these simulations, throughout this section we assume that teacher effects are normally distributed.
Such parametric assumptions are not necessary (Gilraine et al., 2021), but relaxing them is also
unlikely to affect the main conclusions from our analysis in this section. Appendix D presents more
details on the calculations of each policy counterfactual.
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Figure 5 reports the results of this exercise. If long-run effects were directly observed,

the district could achieve increases in college attendance of up to 10 p.p. and decreases

in criminal arrests of up to 5 p.p. for exposed students. Naturally, increasing one

outcome requires reducing effects on the other. Where a district should locate on this

frontier depends on their preferences over long-run outcomes.

Since teachers’ effects on long-run outcomes are not observed, these estimates rep-

resent an upper bound for improvements that any policy can achieve. In practice,

districts rely on teacher’s impacts on short-run outcomes to proxy for teacher qual-

ity. The next set of lines in Figure 5 demonstrates feasible gains from doing so.

We construct a weighted index of teacher effects on study skills, behaviors, and test

scores:

Indexshort-run
j = ω1µ

T
j + ω2µ

B
j + (1− ω1 − ω2)µSj (13)

and examine the impacts on long-run outcomes of replacing the bottom 5% of teacher

with the average teacher according to Indexshort-run
j for different values of ω1 ∈ [0, 1]

and ω2 ∈ [0, 1], where ω1 + ω2 + ω3 = 1.

The red dashed line in Figure 5 reports the results of these exercises. Using effects

on short-run outcomes, the district could achieve increases of nearly 2 p.p. in college

attendance and decreases of no more than about 1 p.p. in criminal arrests for exposed

students. Thus, while there are still meaningful potential improvements in long-run

outcomes, the frontier lies far to the interior of the infeasible policy.

The green (triangle), blue (square), and purple (circle) points show the effect of placing

full weight on study skills, behaviors, or test scores, respectively. The blue square

shows that scores that maximize impacts on future CJC place almost full weight on

behavioral outcomes. The green triangle shows that scores that maximize impacts

on college attendance place significantly more emphasis on test scores. Though close

to the frontier, the triangle is slightly to the interior, demonstrating that even if the

district sought to increase college attendance as much as possible, they would place

at least some weight on behaviors.

In practice, even teacher effects on short-run outcomes are not directly observed and

must be estimated instead. The red dashed-line therefore reflects what could be

achieved with the best possible estimates, i.e., that coincide with the truth. The
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costs of estimating scores instead will depend on the information the district has

available—how many years teachers are observed for, for how many students they

teach, etc.—and the quality of the models they use to predict teacher effects on short-

run outcomes.

To illustrate the potential loses from estimating instead of observing teacher effects

on short-run outcomes, we adopt common Empirical Bayes methods proposed in the

value-added literature (e.g., Kane and Staiger, 2008; Chetty et al., 2014a; Gilraine

et al., 2021). These results are shown in the solid orange line in Figure 5. Naturally,

only a portion of the gains from using true effects on short-run outcomes are achievable

when these effects must be estimated. Using our data, the cost implies reductions in

arrests or improvements in college attendance that are roughly half as large.

6 Conclusion

Teachers help students develop a variety of skills necessary to be successful, healthy,

and happy adults. The skills needed to excel in one aspect of life, such as the labor

market, may differ from those needed in another, such as avoiding entanglement in the

criminal justice system. Although prior work demonstrates that teachers who increase

students’ cognitive skills captured by standardized tests scores increase their college

attendance and adult earnings, we find that teachers’ test score impacts are orthogonal

to students’ criminal justice contact as young adults. One of the most common and

wide-spread measures of teacher quality is thus irrelevant for an outcome with life-

changing consequences for large share of the population (Brame et al., 2012).

Instead, teachers who improve proxies for non-cognitive skills such as rates of school

discipline and attendance have meaningful impacts on students’ future arrest, con-

viction, and incarceration rates. Our results are consistent with a growing number

of studies showing that educational policies and interventions that decrease CJC of-

ten primarily operate through development of these non-cognitive channels (Deming,

2009, 2011; Heckman et al., 2013).
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Figure 1: Effects of teacher quality on long-run outcomes

a) CJC outcomes b) Academic outcomes
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Notes: This figure presents the estimated effect of a 1 standard deviation in teacher quality as measured by short-run outcomes
(x-axis) on long-run outcomes implied by estimates of the variance-covariance of teacher effects. The error bars are 95% confidence
intervals based on analytic standard errors estimated using the procedure described in Appendix C. Numbers above/below each bar
report effects as a percentage of the outcome mean. Test scores refers to the combined outcome of the first principal component
of math and reading scores for homeroom teachers, math scores for math teachers, and reading scores for reading teachers,
respectively. Behaviors refers to the first principal component of an indicator for any discipline in t + 1, total days absent in
year t+ 1, and an indicator for grade repetition, all standardized within year and grade. Study skills refers to the first principal
component of standardized within year and grade reported time spent on homework, watching TV, and reading. Criminal arrest
refers to any criminal interaction with the justice system between ages 16 and 21 (i.e., excluding traffic tickets and non-criminal
violations). 12th grade GPA is a six-point-scale GPA for the student’s first appearance in 12th grade. College attendance is an
indicator for students’ plans to attend a four-year college reported in 12th grade. Teacher effect estimators include the full set of
covariates described in Section 2.1 and use all available years for each outcome.
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Figure 2: Assessing omitted variable bias in teacher effect estimates

Predicted short-run outcomes
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Notes: This figure presents a diagnostic test for whether the estimated teacher effects (α̂it =∑
j α̂jDijt from Equation 2) are correlated with variables (W ′itρ̂ from Equation 9) that

predict short- and long-run outcomes but were omitted when estimating the teacher effects.
The flat slopes demonstrates that teacher effect estimates are insensitive to the inclusion
of these omitted variables. Following Chetty et al. (2014a) we include parental education
and twice lagged test scores among the omitted variables. We also include twins indicators
as omitted variables, with all non-twins assigned to a separate indicator. Results change
little when regressing W ′itρ̂ on α̂it in the sample of twins only. Teacher effect estimators
include the full set of covariates described in Section 2.1 and use all available years for each
outcome.
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Figure 3: Correlation in teacher effects across groups
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Notes: This figure presents the estimated correlation in teacher effects on short-run out-
comes (panel a) and long-run outcomes (panels b and c) across groups of students. The
error bars are 95% confidence intervals based on analytic standard errors estimated using
the procedure described in Appendix C. Test scores refers to the combined outcome of the
first principal component of math and reading scores for homeroom teachers, math scores
for math teachers, and reading scores for reading teachers, respectively. Behaviors refers to
the first principal component of an indicator for any discipline in t + 1, total days absent
in year t+ 1, and an indicator for grade repetition, all standardized within year and grade.
Study skills refers to the first principal component of standardized within year and grade
reported time spent on homework, watching TV, and reading. Criminal arrest refers to any
criminal interaction with the justice system between ages 16 and 21 (i.e., excluding traffic
tickets and non-criminal violations). 12th grade GPA is a six-point-scale GPA for the stu-
dent’s first appearance in 12th grade. College attendance is an indicator for students’ plans
to attend a four-year college reported in 12th grade. Teacher effect estimators include the
full set of covariates described in Section 2.1 and use all available years for each outcome.
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Figure 4: Heterogeneous impacts of exposure to teachers who improve behaviors

a) Criminal arrest
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Notes: This figure presents the estimated effect of a one standard deviation in teacher qual-
ity as measured by impacts on students’ behaviors on long-run outcomes across groups of
students. The error bars are 95% confidence intervals based on analytic standard errors
estimated using the procedure described in Appendix C. Test scores refers to the combined
outcome of the first principal component of math and reading scores for homeroom teach-
ers, math scores for math teachers, and reading scores for reading teachers, respectively.
Behaviors refers to the first principal component of an indicator for any discipline in t+ 1,
total days absent in year t+1, and an indicator for grade repetition, all standardized within
year and grade. Study skills refers to the first principal component of standardized within
year and grade reported time spent on homework, watching TV, and reading. Criminal ar-
rest refers to any criminal interaction with the justice system between ages 16 and 21 (i.e.,
excluding traffic tickets and non-criminal violations). 12th grade GPA is a six-point-scale
GPA for the student’s first appearance in 12th grade. College attendance is an indicator for
students’ plans to attend a four-year college reported in 12th grade. Teacher effect estima-
tors include the full set of covariates described in Section 2.1 and use all available years for
each outcome.

40



Figure 5: Effects of teacher removal policies on exposed students
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Notes: This figure presents simulations of the impacts of replacing the bottom five percent
of teachers with an average teacher on college attendance and future criminal arrests. The
rightmost dotted maroon lines in reflect the frontiers achievable if teachers’ true long-run
effects were directly observed and used to identify which teachers to replace. The dashed
red line reflects possibilities if teachers true short-run effects on test scores, behaviors, and
study skills were observed and used to select teachers. The leftmost solid line shows possi-
bilities using EB estimates of teacher effects on short-run outcomes instead. The markers
indicate gains when putting full weight on a single short-run outcome to select teachers for
replacement, with solid markers using true effects and hollow markers using EB posteriors.
Teacher effect estimators include the full set of covariates described in Section 2.1 and use all
available years for each outcome. All simulations assume teacher effects are jointly normally
distributed.
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Table 1: Summary statistics
Full sample Sample for which Youth with a

we observe CJC criminal arrest

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

Demographics
Male 0.50 0.50 0.50 0.50 0.64 0.48
Black 0.25 0.43 0.27 0.44 0.37 0.48
Economically disadvantged 0.58 0.49 0.61 0.49 0.73 0.44
Limited English 0.043 0.20 0.055 0.23 0.036 0.19
Parents have HS education or less 0.40 0.49 0.43 0.49 0.53 0.50
Parents have some college 0.45 0.50 0.48 0.50 0.37 0.48
Parents have 4-year degree 0.22 0.41 0.24 0.43 0.15 0.36

Short-run outcomes
Standardized reading scores 0.046 0.97 0.054 0.96 -0.23 0.94
Standardized math scores 0.061 0.97 0.066 0.97 -0.21 0.92
Days absent 9.11 9.20 9.08 9.44 10.9 11.1
Any discipline 0.17 0.37 0.17 0.38 0.31 0.46
Any out-of-school suspension 0.080 0.27 0.095 0.29 0.20 0.40
Repeat grade 0.0088 0.093 0.0087 0.093 0.015 0.12
Behavioral index 0 1.10 -0.025 1.12 0.44 1.37
Time spent on homework 0.023 0.99 0.023 0.99 -0.081 1.01
Time spent reading 0.0052 0.99 0.0041 0.99 -0.14 0.96
Time spent watching TV -0.0052 0.98 -0.0078 0.98 0.085 1.02
Study skills index 0 1.09 0.0054 1.09 -0.17 1.09

Long-run outcomes
12th grade GPA (0-6 scale) 3.13 0.95 3.12 0.95 2.64 0.87
12th grade class rank 0.48 0.29 0.48 0.28 0.61 0.26

Graduate high school 0.91 0.28 0.92 0.28 0.81 0.40
Plans to attend 4-year college 0.46 0.50 0.46 0.50 0.33 0.47
Traffic infraction 0.33 0.47 0.33 0.47 0.63 0.48
Criminal arrest 0.24 0.43 0.24 0.43 1 0
Index crime arrest 0.10 0.31 0.10 0.31 0.44 0.50
Criminal conviction 0.10 0.30 0.10 0.30 0.43 0.49
Incarcerated 0.089 0.29 0.089 0.29 0.36 0.48

N student-subject-years 9779708 4159500 984349
N teachers 39707 27236 27202
N students 1953547 755457 179484
N twin pairs 18213 12516 4149

Notes: This table presents summary statistics for demographic characteristics, short-run
outcomes, and long-run outcomes for the analysis sample, the sample of students for which
we observe CJC outcomes, and a sub-sample of students with a criminal arrest between ages
16 to 21. Not all outcomes are observed in all years; summary statistics reflect means and
standard deviations for non-missing data only. In each analysis, we use the largest sample
possible given when an outcome is studied. See Section 1 for additional details on data
construction and outcome coverage by year. Note that the sample of youth with an arrest
drops individuals for whom CJC outcomes are unobserved.42



Table 2: Direct effects on long-run outcomes

Any CJC Criminal arrest Index crime Incarceration 12th grade GPA College attendance Graduation

Any CJC 0.035 (0.0000) 0.779 (0.0196) 0.513 (0.0371) 0.479 (0.0279) -0.055 (0.0264) -0.103 (0.0368) -0.162 (0.0348)
Criminal arrest 0.027 (0.0000) 0.816 (0.0352) 0.583 (0.0244) -0.150 (0.0660) -0.153 (0.0468) -0.262 (0.0431)

Index crime 0.018 (0.0000) 0.507 (0.0257) -0.126 (0.1193) -0.064 (0.0491) -0.352 (0.0621)
Incarceration 0.021 (0.0000) -0.101 (0.0719) -0.175 (0.0609) -0.281 (0.0476)

12th grade GPA 0.116 (0.0006) 0.394 (0.0469) 0.312 (0.1664)
College attendance 0.050 (0.0002) 0.256 (0.0616)

Graduation 0.023 (0.0001)

Notes: This table presents estimated standard deviations (diagonal elements) and correlations (off-diagonal elements) of teacher
effects on long-run outcomes. Analytic standard errors displayed in parentheses are estimated using the procedure described in
Appendix C. Any CJC refers to any interaction recorded in the criminal justice records between the ages of 16 and 21 inclusive.
Criminal arrest excludes non-criminal interactions (e.g., traffic infractions). 12th grade GPA is a six-point-scale GPA for the
student’s first appearance in 12th grade. College attendance is an indicator for students’ reported plans to attend a four-year
college reported after graduation. Graduation is an indicator for graduating high school. Teacher effect estimators include the
full set of covariates described in Section 2.1 and using all available years for each outcome.
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Table 3: Teacher effects on short-run outcomes

Test scores Math scores Reading scores Study skills Behaviors

Test scores 0.121 (0.0001) 0.909 (0.0025) 0.810 (0.0071) 0.317 (0.0089) 0.056 (0.0100)
Math scores 0.134 (0.0001) 0.675 (0.0076) 0.279 (0.0076) 0.047 (0.0101)

Reading scores 0.073 (0.0001) 0.337 (0.0210) 0.071 (0.0122)
Study skills 0.183 (0.0007) 0.033 (0.0132)
Behaviors 0.125 (0.0004)

Notes: This table presents estimated standard deviations (diagonal elements) and correlations (off-diagonal elements) of teacher
effects on short-run outcomes. Analytic standard errors displayed in parentheses are estimated using the procedure described in
Appendix C. Teacher effect estimators include the full set of covariates described in Section 2.1 and using all available years for
each outcome.

Table 4: Implied regression of long-run effects on short-run effects

Any CJC Criminal arrest Index crime Incarceration 12th grade GPA Graduation College attendance

Test scores -0.001 (0.005) -0.003 (0.004) -0.003 (0.003) 0.000 (0.003) 0.097 (0.012) 0.010 (0.003) 0.045 (0.008)
Behaviors -0.059 (0.007) -0.048 (0.006) -0.038 (0.004) -0.023 (0.004) 0.124 (0.016) 0.039 (0.004) 0.029 (0.010)

Study skills -0.004 (0.004) 0.007 (0.004) 0.002 (0.003) -0.009 (0.003) -0.014 (0.011) 0.001 (0.003) 0.009 (0.008)
sd(αyj ) 0.035 (0.000) 0.027 (0.000) 0.018 (0.000) 0.021 (0.000) 0.116 (0.001) 0.023 (0.000) 0.050 (0.000)
R2 0.039 0.042 0.059 0.023 0.025 0.041 0.020

Notes: This table presents the coefficients from a regression of long-run outcomes on short-run teacher effects implied by variance-
covariance matrix of short- and long-run teachers effects. Analytic standard errors displayed in parentheses are estimated using
the procedure described in Appendix C. The final two rows report estimated standard deviations of teacher effects on the long-run
outcome and the R2 from the regression. See also the notes of Table 3.
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Table 5: Instrumental variables tests for forecast unbiased teacher effects

(a) Short-run outcomes

Test scores Behaviors Study skills

(1) (2) (3) (4) (5) (6)
Schl-grd Schl Schl-grd Schl Schl-grd Schl

α̂j 1.002 1.052 0.938 0.984 1.043 1.087
(0.0120) (0.0157) (0.0678) (0.117) (0.0353) (0.0595)

Observations 9779708 9779708 5422682 5422682 3404657 3404657
R2 0.753 0.752 0.247 0.244 0.180 0.176
Design controls X X X X X X
First stage F 51914 32164 3349 1205 6865 2557
P -value for H0 : λ = 1 .873 .001 .363 .891 .229 .145

(b) Long-run outcomes

Criminal arrest Incarceration College bound

(1) (2) (3) (4) (5) (6)
Schl-grd Schl Schl-grd Schl Schl-grd Schl

α̂j 1.090 1.190 1.156 1.246 0.983 0.807
(0.0824) (0.311) (0.0890) (0.319) (0.0535) (0.167)

Observations 4159500 4159500 4159500 4159500 3205422 3205422
R2 0.0916 0.0899 0.0836 0.0816 0.282 0.279
Design controls X X X X X X
First stage F 4825 386 4032 397 4399 651
P -value for H0 : λ = 1 .276 .543 .079 .44 .745 .248

Notes: This table presents instrumental variable tests for bias in estimated teacher effects on
short- and long-run outcomes, where an estimate of 1 implies forecast unbiased estimates.
Design controls include the full set of covariates described in Section 2.1 and using all
available years for each outcome. The reported coefficient on α̂it is estimated via 2SLS
using a teacher switching instrument defined at the school-grade (odd columns) or school-
level (even columns). The instrument is the product of an indicator for new teacher entry
into student i’s school-grade or school at time t times the mean of α̂j for all entering
teachers estimated in all other school-grades or schools. Only entries where at least one
new teacher’s effects are estimable in other schools or school grades are included in the
instrument. Means are weighted by number of students assigned at time t. All regressions
include an indicator for any teacher entry. Standard errors clustered at the student level
are reported in parentheses.
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A Additional figures and tables

Figure A.1: Teacher test score effects in the literature
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Notes: This figure compares estimated standard deviation of teacher effects on math and
reading scores to comparable estimates in the literature. “Mid” indicates estimates for
middle school students and “elem” indicates elementary school students. Our estimates
straddle those from studies that focus on elementary students vs. those that focus on older
students (e.g., Jackson (2018)).
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Figure A.2: Assessing omitted variable bias in additional long-run outcomes

Predicted long-run CJC outcomes

a) Any CJC b) Arrest for index crime

-.
02

5
-.

02
-.

01
5

-.
01

-.
00

5
0

.0
05

.0
1

.0
15

.0
2

.0
25

O
m

itt
ed

 v
ar

ia
bl

es
 fi

t

-.2 -.1 0 .1 .2
Estimated teacher effect

Slope: .0008 (.001)

-.
02

5
-.

02
-.

01
5

-.
01

-.
00

5
0

.0
05

.0
1

.0
15

.0
2

.0
25

O
m

itt
ed

 v
ar

ia
bl

es
 fi

t
-.1 -.05 0 .05 .1

Estimated teacher effect
Slope: .0017 (.0011)

Predicted long-run academic outcomes
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Notes: This figure presents a diagnostic test for whether the estimated teacher effects (α̂it =∑
j α̂jDijt from Equation 2) are correlated with predictions based on omitted variables (W ′itρ̂

from Equation 9) that are predictable of the short- and long-run outcomes but have not
been used when estimating the teacher effects. Following Chetty et al. (2014a) we include
parental education and twice lagged test scores among the omitted variables. We also include
twins indicators as omitted variables, with all non-twins assigned to a separate indicator.
Results change little when regressing W ′itρ̂ on α̂it in the sample of twins only. Teacher effect
estimators include the full set of covariates described in Section 2.1 and use all available
years for each outcome.
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Figure A.3: Correlation between primary and between-school estimates
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Notes: This figures shows the relationship between variance estimates of teacher effects using
leave-year-out (Equation 4) and leave-school-out (Equation 11) estimators. Each point in
the figure is a teacher effect variance estimate for a different outcome. The x-axis reports
the value of the estimated variance of teacher effects using leave-year-out estimators. The
y-axis reports the value of the estimate when using leave-school-out estimators.
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Figure A.4: Specification sensitivity of teacher quality impacts on arrests

a) Test scores
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b) Behaviors
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Notes: This figures shows the specification sensitivity of estimated effects of one standard
deviation increase in teacher quality on future criminal arrests. We estimate the variance-
covariance of teacher effects from 811 different models that vary the number of included
controls. All models include lag third-degree polynomials in math and reading scores inter-
acted with grade, and year-grade-subject FEs. The x-axis shows the quantity of other con-
trols included from among school, school-grade-year, or school-grade-classroom-year means
of other included covariates, lag absences and discipline, educational and behavioral special
needs, and academically gifted indicators, limited English proficiency status, gender and
race, parental education, grade repetition, and twice-lagged scores. The graph reports the
min, median, and max effect estimate among models with the same number of controls.
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Figure A.5: Heterogeneous impacts of exposure to teachers who improve test scores

a) Criminal arrest
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Notes: This figure presents the estimated effect of a one standard deviation in teacher qual-
ity as measured by impacts on students’ test scores on long-run outcomes across groups of
students. The error bars are 95% confidence intervals based on analytic standard errors
estimated using the procedure described in Appendix C. Test scores refers to the combined
outcome of the first principal component of math and reading scores for homeroom teach-
ers, math scores for math teachers, and reading scores for reading teachers, respectively.
Behaviors refers to the first principal component of an indicator for any discipline in t+ 1,
total days absent in year t+1, and an indicator for grade repetition, all standardized within
year and grade. Study skills refers to the first principal component of standardized within
year and grade reported time spent on homework, watching TV, and reading. Criminal ar-
rest refers to any criminal interaction with the justice system between ages 16 and 21 (i.e.,
excluding traffic tickets and non-criminal violations). 12th grade GPA is a six-point-scale
GPA for the student’s first appearance in 12th grade. College attendance is an indicator for
students’ plans to attend a four-year college reported in 12th grade. Teacher effect estima-
tors include the full set of covariates described in Section 2.1 and use all available years for
each outcome.
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Table A.1: Regression based estimates of teacher test score effects on long-run outcomes

CJC outcomes Academic outcomes

(1) (2) (3) (4) (5) (6) (7)
Any CJC Criminal arrest Index crime Incarceration 12th grade GPA Graduation College bound

Test score VA -0.0108 -0.00795 -0.00591 -0.00553 0.0781 0.0104 0.0368
(0.00398) (0.00332) (0.00228) (0.00232) (0.00907) (0.00220) (0.00478)

Design controls X X X X X X X
1SD effect -.0012 -.0008 -.0006 -.0006 .0083 .0011 .0039
R2 0.0480 0.0754 0.0596 0.0663 0.542 0.106 0.253
Observations 4159500 4159500 4159500 4159500 3429388 4623602 3205422

Notes: This table presents regressions of teacher test score value added calculated using the method in Chetty et al. (2014a) on long-run
outcomes. Criminal arrest refers to any criminal interaction with the justice system between ages 16 and 21 (i.e., excluding traffic tickets and
non-criminal violations). 12th grade GPA is a six-point-scale GPA for the student’s first appearance in 12th grade. College attendance is an
indicator for students’ plans to attend a four-year college reported in 12th grade. This method allows for drift in teacher effects and accounts
for measurement error by forming the best linear predictor of teacher effects in year t based on their impacts in all other years. The final
row of the table presents the regression coefficient implied by our procedure. Standard errors clustered at the student level are reported in
parentheses.

Table A.2: Regression based estimates of teacher behavioral effects on long-run outcomes

CJC outcomes Academic outcomes

(1) (2) (3) (4) (5) (6) (7)
Any CJC Criminal arrest Index crime Incarceration 12th grade GPA Graduation College bound

Behavioral index VA -0.0517 -0.0453 -0.0354 -0.0233 0.179 0.0259 0.0361
(0.00639) (0.00541) (0.00376) (0.00365) (0.0130) (0.00346) (0.00753)

Design controls X X X X X X X
1SD effect -.0042 -.0036 -.0028 -.0019 .0142 .002 .0029
R2 0.0481 0.0751 0.0596 0.0651 0.543 0.106 0.256
Observations 3700227 3700227 3700227 3700227 2969019 4001899 2850488

Notes: See the notes of Table A.1.
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Table A.3: Omitted variables bias tests for short-run teacher effects

Test scores Behvioral index Study skills index

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

Y Ŷ Y Ŷ Y Ŷ
No high school -0.0491 -0.102 -0.0533

(0.000932) (0.00268) (0.00255)

High school only -0.0329 -0.0768 -0.0239
(0.000780) (0.00187) (0.00239)

Some college 0.0157 0.0476 0.0439
(0.000811) (0.00204) (0.00244)

BA or more 0.0260 0.0327 0.0668
(0.000643) (0.00191) (0.00170)

Lag 2 math 0.114 0.0311 0.00129
(0.000401) (0.000974) (0.00137)

Lag 2 reading 0.126 0.0144 0.0582
(0.000384) (0.000928) (0.00129)

Teacher effect 0.000309 0.00277 0.00202
(0.000187) (0.000452) (0.000490)

Observations 9757562 9757562 5415717 5415717 3387386 3387386
R2 0.761 0.770 0.252 0.872 0.189 0.584
Original R2 .7497 .2408 .1723
Design controls X X X X X X
Twin FE X X X

Notes: This table presents tests for omitted variable bias in estimated teacher effects on
short-run outcomes. Test scores refers to the combined outcome of the first principal com-
ponent of math and reading scores for homeroom teachers, math scores for math teachers,
and reading scores for reading teachers, respectively. Behaviors refers to the first principal
component of an indicator for any discipline in t + 1, total days absent in year t + 1, and
an indicator for grade repetition, all standardized within year and grade. Study skills refers
to the first principal component of standardized within year and grade reported time spent
on homework, watching TV, and reading. The odd columns regress the outcome listed in
the sub-header on the excluded covariates, teacher dummies, and the full set of design con-
trols described in Section 2.1. The evem columns regress predicted outcomes based on the
excluded covariates on estimated teacher effects α̂it =

∑
j α̂jDijt. Education variables refer

to students’ reported parental education, with an indicator for missing parental education
data serving as the omitted category. Lag 2 math and reading refer to twice-lagged stan-
dardized test scores, with indicators for missing twice-lag scores included but not reported.
Twin-effects include fixed effects for all twin pairs and an indicator for non-twin interacted
with year. Results change little when regressing Ŷit on α̂it in the sample of twins only.
Original R2 refers the R2 of the regression without excluded covariates used to estimate
teacher effects. Standard errors clustered at the student level are reported in parentheses.
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Table A.4: Omitted variables bias tests for long-run teacher effects on outcomes
related to criminal justice involvement

Any arrest Criminal arrest Index crime Incarceration

(1) (2) (3) (4) (5) (6) (7) (8)

Y Ŷ Y Ŷ Y Ŷ Y Ŷ
No high school 0.00300 0.0177 0.0198 0.0270

(0.00113) (0.000954) (0.000694) (0.000642)

High school only -0.0000113 0.0184 0.0147 0.0173
(0.000866) (0.000730) (0.000531) (0.000492)

Some college -0.00307 -0.0170 -0.0150 -0.0175
(0.000913) (0.000770) (0.000560) (0.000518)

BA or more -0.0196 -0.0178 -0.00873 -0.00615
(0.000781) (0.000658) (0.000479) (0.000443)

Lag 2 math 0.0107 0.00268 -0.000369 0.000680
(0.000562) (0.000474) (0.000345) (0.000319)

Lag 2 reading -0.00953 -0.00776 -0.00544 -0.00499
(0.000526) (0.000443) (0.000322) (0.000298)

Teacher effect 0.000794 0.00128 0.00169 0.00452
(0.00101) (0.00103) (0.00115) (0.00119)

Observations 4145532 4145532 4145532 4145532 4145532 4145532 4145532 4145532
R2 0.0811 0.718 0.107 0.702 0.0914 0.790 0.101 0.737
Original R2 .062 .0888 .0726 .0807
Design controls X X X X X X X X
Twin FE X X X X

Notes: This table presents tests for omitted variable bias in estimated teacher effects on
long-run outcomes. Criminal arrest refers to any criminal interaction with the justice system
between ages 16 and 21 (i.e., excluding traffic tickets and non-criminal violations). 12th
grade GPA is a six-point-scale GPA for the student’s first appearance in 12th grade. College
attendance is an indicator for students’ plans to attend a four-year college reported in 12th
grade. The odd columns regress the outcome listed in the sub-header on the excluded
covariates, teacher dummies, and the full set of design controls described in Section 2.1.
The even columns regress predicted outcomes based on the excluded covariates on estimated
teacher effects α̂it =

∑
j α̂jDijt. Education variables refer to students’ reported parental

education, with an indicator for missing parental education data serving as the omitted
category. Lag 2 math and reading refer to twice-lagged standardized test scores, with
indicators for missing twice-lag scores included but not reported. Twin-effects include fixed
effects for all twin pairs and an indicator for non-twin interacted with year. Results change
little when regressing Ŷit on α̂it in the sample of twins only. Original R2 refers the R2 of
the regression without excluded covariates used to estimate teacher effects. Standard errors
clustered at the student level are reported in parentheses.
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Table A.5: Omitted variables bias tests for long-run teacher effects on academic out-
comes

12th grade GPA Graduation College bound

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

Y Ŷ Y Ŷ Y Ŷ
No high school -0.0476 -0.0809 -0.0266

(0.00206) (0.000654) (0.00144)

High school only -0.0818 -0.0381 -0.0507
(0.00135) (0.000488) (0.000937)

Some college 0.0220 0.0347 0.0264
(0.00139) (0.000507) (0.000963)

BA or more 0.178 0.00226 0.118
(0.00111) (0.000407) (0.000792)

Lag 2 math 0.106 0.00909 0.0306
(0.000810) (0.000290) (0.000566)

Lag 2 reading 0.0455 0.00597 0.0211
(0.000769) (0.000274) (0.000536)

Teacher effect 0.00712 0.0240 0.0132
(0.000794) (0.00122) (0.000995)

Observations 3416465 3416465 4606682 4606682 3193984 3193984
R2 0.586 0.909 0.154 0.798 0.306 0.435
Original R2 .5646 .1229 .2762
Design controls X X X X X X
Twin FE X X X

Notes: This table presents tests for omitted variable bias in estimated teacher effects on
long-run outcomes. Criminal arrest refers to any criminal interaction with the justice system
between ages 16 and 21 (i.e., excluding traffic tickets and non-criminal violations). 12th
grade GPA is a six-point-scale GPA for the student’s first appearance in 12th grade. College
attendance is an indicator for students’ plans to attend a four-year college reported in 12th
grade. The odd columns regress the outcome listed in the sub-header on the excluded
covariates, teacher dummies, and the full set of design controls described in Section 2.1.
The even columns regress predicted outcomes based on the excluded covariates on estimated
teacher effects α̂it =

∑
j α̂jDijt. Education variables refer to students’ reported parental

education, with an indicator for missing parental education data serving as the omitted
category. Lag 2 math and reading refer to twice-lagged standardized test scores, with
indicators for missing twice-lag scores included but not reported. Twin-effects include fixed
effects for all twin pairs and an indicator for non-twin interacted with year. Results change
little when regressing Ŷit on α̂it in the sample of twins only. Original R2 refers the R2 of
the regression without excluded covariates used to estimate teacher effects. Standard errors
clustered at the student level are reported in parentheses.
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Table A.6: Instrumental variables bias tests for short-run teacher effects

Test scores Behaviors Study skills

(1) (2) (3) (4) (5) (6)
Schl-grd Schl Schl-grd Schl Schl-grd Schl

α̂j 1.002 1.052 1.255 1.681 1.083 1.126
(0.0135) (0.0175) (0.270) (1.101) (0.0641) (0.0825)

Observations 9779708 9779708 5422682 5422682 3404657 3404657
R2 0.723 0.721 0.209 0.200 0.135 0.132
Design controls X X X X X X
School-grade FE X X X X X X
First stage F 47960 30550 364 24 2691 1709
P -value for H0 : λ = 1 .875 .003 .346 .536 .198 .127

Notes: This table presents instrumental variable tests for bias in estimated teacher effects on
short-run outcomes. Test scores refers to the combined outcome of the first principal com-
ponent of math and reading scores for homeroom teachers, math scores for math teachers,
and reading scores for reading teachers, respectively. Behaviors refers to the first principal
component of an indicator for any discipline in t + 1, total days absent in year t + 1, and
an indicator for grade repetition, all standardized within year and grade. Study skills refers
to the first principal component of standardized within year and grade reported time spent
on homework, watching TV, and reading. Design controls include the full set of covariates
described in Section 2.1 and using all available years for each outcome. The reported co-
efficient on α̂it is estimated via 2SLS using a teacher switching instrument defined at the
school-grade (odd columns) or school-level (even columns). The instrument is the product
of an indicator for new teacher entry into student i’s school-grade or school at time t times
the mean of α̂j for all entering teachers estimated in all other school-grades or schools. Only
entries where at least one new teacher’s effects are estimable in other schools or school grades
are included in the instrument. Means are weighted by number of students assigned at time
t. All regressions include an indicator for any teacher entry. Standard errors clustered at
the student level are reported in parentheses.
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Table A.7: Instrumental variables bias tests for teacher-effects on criminal arrest

Outcome: Y Outcome: Ŷexcluded

(1) (2) (3) (4) (5) (6)
α̂j 1.090 1.456 1.390

(0.0824) (0.386) (0.374)

Zit 0.000191 0.000724 0.00171
(0.000792) (0.000797) (0.000816)

Observations 4159500 4159500 4159500 9779708 9779708 9779708
R2 0.0916 0.0754 0.0742 0.668 0.673 0.682
Design controls X X X X X X
School-grade FE X X X X
Dist-grade-year FE X X
First stage F 4825 1101 1207
P -value for H0 : λ = 1 .276 .238 .297

Notes: This table presents instrumental variable tests for bias in estimated teacher effects
on future criminal arrests. Criminal arrest refers to any non-criminal interaction with the
justice system between ages 16 and 21. Design controls include the full set of covariates
described in Section 2.1 and using all available years for each outcome. The reported
coefficient on α̂it in columns 1-3 is estimated via 2SLS using a teacher switching instrument
defined at the school-grade level. The instrument is the product of an indicator for new
teacher entry into student i’s school-grade or school at time t times the mean of α̂j for
all entering teachers estimated in all other school-grades. Only entries where at least one
new teacher’s effects are estimable in other schools or school grades are included in the
instrument. Means are weighted by number of students assigned at time t. Columns 4-6
regress the instrument on predicted outcomes using parental education and twice-lagged test
scores. All regressions include an indicator for any teacher entry. Standard errors clustered
at the student level are reported in parentheses.
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Table A.8: Implied regression of long-run effects on short-run effects using only teachers who move across schools

Any CJC Criminal arrest Index crime Incarceration 12th grade GPA Graduation College attendance

Test scores 0.009 (0.022) -0.011 (0.018) -0.002 (0.014) 0.006 (0.013) -0.054 (0.049) -0.005 (0.014) 0.025 (0.034)
Behaviors -0.051 (0.073) -0.033 (0.066) -0.043 (0.048) -0.024 (0.046) 0.277 (0.189) 0.000 (0.056) 0.103 (0.103)

Study skills -0.014 (0.023) 0.021 (0.020) 0.000 (0.016) -0.018 (0.014) 0.089 (0.058) 0.027 (0.016) 0.035 (0.039)
sd(αyj ) 0.023 (0.000) 0.019 (0.000) 0.009 (0.000) 0.014 (0.000) 0.072 (0.001) 0.012 (0.000) 0.033 (0.001)
R2 0.026 0.045 0.108 0.038 0.084 0.095 0.077

Notes: This table presents the coefficients from a regression of long-run outcomes on short-run teacher effects implied by variance-covariance
matrix of short- and long-run teachers effects. The estimates are based variance-covariance estimated from leaving-one-out teacher-school
pairs rather than the leave-one-out teacher-year estimates reported in Table 4. Analytic standard errors displayed in parentheses are estimated
using the procedure described in Appendix C. Test scores refers to the combined outcome of the first principal component of math and reading
scores for homeroom teachers, math scores for math teachers, and reading scores for reading teachers, respectively. Behaviors refers to the
first principal component of an indicator for any discipline in t+ 1, total days absent in year t+ 1, and an indicator for grade repetition, all
standardized within year and grade. Study skills refers to the first principal component of standardized within year and grade reported time
spent on homework, watching TV, and reading. Criminal arrest refers to any criminal interaction with the justice system between ages 16
and 21 (i.e., excluding traffic tickets and non-criminal violations). 12th grade GPA is a six-point-scale GPA for the student’s first appearance
in 12th grade. College attendance is an indicator for students’ plans to attend a four-year college reported in 12th grade. The final two rows
report estimate standard deviations of teacher effects on the long-run outcome and the R2 from the regression. Teacher effect estimators
include the full set of covariates described in Section 2.1 and using all available years for each outcome.

Table A.9: Implied regressions using within-school variation

Any CJC Criminal arrest Index crime Incarceration 12th grade GPA Graduation College attendance

Test scores -0.007 (0.006) -0.006 (0.006) -0.007 (0.004) -0.003 (0.004) 0.089 (0.016) 0.009 (0.005) 0.046 (0.012)
Behaviors -0.069 (0.030) -0.048 (0.027) -0.026 (0.020) -0.018 (0.017) 0.011 (0.068) 0.018 (0.019) 0.009 (0.046)

Study skills 0.001 (0.007) 0.006 (0.007) 0.002 (0.005) -0.005 (0.005) 0.013 (0.020) -0.004 (0.006) -0.001 (0.014)
sd(αyj ) 0.007 (0.000) 0.003 (0.000) 0.005 (0.000) 0.006 (0.000) 0.050 (0.001) 0.012 (0.000) 0.010 (0.000)
R2 0.306 0.646 0.104 0.056 0.049 0.014 0.276

Notes: This table presents the coefficients from a regression of long-run outcomes on short-run teacher effects implied by the variance-
covariance matrix of short- and long-run teachers effects using only within school variation in teacher effects. Estimates are based on the
basline model in which teacher effects are constant across schools and time. See also the notes of Table A.8

.

12



Table A.10: Summary statistics of four different sub-groups comparisons across race,
sex, socioeconomic status, and predicted risk of arrest

Full sample Race Sex Econ. disadv. Arrest risk

(1) (2) (3) (4) (5) (6) (7) (8) (9)
White Non-White Boys Girls Yes No High Low

Demographics
Male 0.50 0.51 0.49 1 0 0.50 0.51 0.72 0.28
Black 0.25 0 0.58 0.25 0.26 0.37 0.087 0.40 0.10
Economically disadvantaged 0.58 0.42 0.80 0.58 0.59 1 0 0.77 0.39
Limited English 0.043 0.0037 0.095 0.045 0.042 0.069 0.0075 0.017 0.070
Parents have HS education or less 0.40 0.33 0.50 0.40 0.40 0.55 0.19 0.56 0.23
Parents have some college 0.45 0.52 0.34 0.45 0.44 0.26 0.69 0.30 0.59
Parents have 4-year degree 0.22 0.28 0.14 0.22 0.22 0.064 0.43 0.096 0.35

Short-run outcomes
Standardized reading scores 0.046 0.29 -0.28 -0.018 0.11 -0.26 0.48 -0.33 0.42
Standardized math scores 0.061 0.30 -0.25 0.063 0.059 -0.25 0.50 -0.30 0.43
Days absent 9.11 9.58 8.48 9.27 8.95 10.1 7.52 10.7 7.72
Any discipline 0.17 0.12 0.23 0.22 0.11 0.22 0.081 0.28 0.076
Any out-of-school suspension 0.080 0.046 0.12 0.11 0.047 0.11 0.026 0.14 0.026
Repeat grade 0.0088 0.0062 0.012 0.011 0.0062 0.013 0.0028 0.015 0.0025
Behavioral index 4.3e-10 -0.066 0.086 0.12 -0.12 0.20 -0.32 0.35 -0.25
Time spent on homework 0.023 0.089 -0.067 -0.015 0.061 -0.086 0.16 -0.12 0.14
Time spent reading 0.0052 0.045 -0.053 -0.13 0.14 -0.049 0.079 -0.16 0.14
Time spent watching TV -0.0052 -0.16 0.20 0.061 -0.071 0.15 -0.18 0.15 -0.20
Study skills index -6.4e-10 0.11 -0.17 -0.14 0.14 -0.15 0.20 -0.23 0.30

Long-run outcomes
12th grade GPA (0-6 scale) 3.13 3.34 2.81 2.96 3.28 2.78 3.53 2.59 3.53
12th grade class rank 0.48 0.44 0.55 0.54 0.43 0.56 0.39 0.62 0.38

Graduate high school 0.91 0.92 0.90 0.90 0.93 0.87 0.97 0.86 0.96
Plans to attend 4-year college 0.46 0.46 0.45 0.41 0.50 0.35 0.60 0.32 0.56
Traffic infraction 0.33 0.33 0.34 0.39 0.28 0.35 0.31 0.39 0.29
Criminal arrest 0.24 0.21 0.28 0.30 0.17 0.29 0.16 0.34 0.15
Index crime arrest 0.10 0.078 0.15 0.13 0.083 0.14 0.047 0.16 0.052
Criminal conviction 0.10 0.084 0.13 0.15 0.054 0.13 0.052 0.16 0.043
Incarcerated 0.089 0.073 0.11 0.13 0.048 0.12 0.043 0.15 0.036

N student-subject-years 9779708 5536382 4243307 4892705 4887002 5673880 4035391 4889854 4889854
N teachers 39707 39366 39664 39702 39706 39683 39342 39688 39623
N students 1953547 1048427 905112 983078 970468 1085041 818161 1212875 1105939
N twin pairs 18213 10178 9494 11813 12072 12031 7921 13481 11390

Notes: This table presents summary statistics for demographic characteristics, short-run
outcomes, and long-run outcomes for the full sample (Column 1), white vs. non-white
(Columns 2 and 3), boys vs. girls (Columns 4 and 5), economic disadvantage (Columns 6
and 7), and students with high vs. low predicted risk of a future arrest (Columns 8 and 9).
Not all outcomes are observed in all years; summary statistics reflect means and standard
deviations for non-missing data only. In each analysis, we use the largest sample possible
given when outcome studied. See Section 1 for additional details on data construction and
outcome coverage by year.
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Table A.11: Heterogeneity in teacher effects on CJC

Race Sex Econ. disadvantaged Arrest risk

(1) (2) (3) (4) (5) (6) (7) (8)
White Non-White Boys Girls Yes No High Low

Criminal arrest 0.0247 0.0358 0.0298 0.0311 0.0272 0.0297 0.0342 0.0263
(0.000135) (0.000134) (0.000214) (0.000109) (0.0000622) (0.0000846) (0.000211) (0.000163)

Any CJC 0.0391 0.0370 0.0412 0.0364 0.0364 0.0367 0.0443 0.0436
(0.000153) (0.000136) (0.000213) (0.000117) (0.0000958) (0.0000981) (0.000200) (0.000155)

Incarceration 0.0172 0.0308 0.0156 0.0270 0.0211 0.0303 0.0320 0.0201
(0.0000920) (0.0000874) (0.000160) (0.0000733) (0.0000294) (0.0000618) (0.000182) (0.000153)

Index crime 0.0177 0.0248 0.0147 0.0239 0.0212 0.0209 0.0276 0.0113
(0.000103) (0.000100) (0.000184) (0.0000865) (0.0000410) (0.0000530) (0.000187) (0.000157)

Notes: This table presents estimates of the standard deviations of teacher effects on future CJC across various sub-populations:
white vs. non-white (Columns 1 and 2), boys vs. girls (Columns 3 and 4), economically disadvantaged vs. not (Columns 5 and
6), and students with high vs. low predicted risk of a future arrest (Columns 7 and 8). Analytic standard errors displayed in
parentheses are estimated using the procedure described in Appendix C. Criminal arrest refers to any criminal interaction with
the justice system between ages 16 and 21 (i.e., excluding traffic tickets and non-criminal violations). Traffic citations includes
only non-criminal traffic violations. Index crimes includes arrests for Uniform Crime Reporting index crimes: aggravated assault,
forcible rape, murder, robbery, arson, burglary, larceny/theft, and motor vehicle theft. Incarceration refers to any incarceration
sentence in local jails or state prisons. Teacher effect estimators include the full set of covariates described in Section 2.1 and
using all available years for each outcome.
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B What does the covariance of EB posteriors es-

timate?

This appendix investigates whether covariances of latent teacher effects across out-

comes or student groups can be estimated using covariances of Empirical Bayes (EB)

estimates of individual teachers’ effects. We show that covariances between EB poste-

riors can either under- or over-estimate covariances in latent effects depending on the

data generating process (DGP). In cases calibrated to our data, the degree of bias can

be large and either negative or positive depending on the outcomes considered.

We begin by examining the covariance of univariate EB posteriors, which are com-

monly used in the literature (e.g., Jackson, 2018; Petek and Pope, 2021; Backes et al.,

2022; Bates et al., 2022; Biasi et al., 2021). In the univariate case, it is simple to

show analytically why the covariance of EB posteriors will differ from covariances of

teacher effects due to either the shrinkage factors or correlated sampling error. Next,

we examine the case of multivariate shrinkage that takes into account the covariance

in teacher effects across outcomes as well as the covariance in sampling errors. We cal-

ibrate parameters to our setting and present simulations that illustrate the potential

bias and how it changes with the sample size for each teacher.

Consider first a simple example using univariate EB posteriors. Suppose that outcome

k of student i assigned to teacher j is determined by:

Y k
ij = αkj + εki

The distribution of teacher effects αkj is assumed to follow:(
αAj

αCj

)
∼ N

((
0

0

)
,

(
(σAα )2 σACα

σACα (σCα )2

))

The distribution of the individual heterogeneity εki is given by:(
εAi

εCi

)
∼ N

((
0

0

)
,

(
(σAε )2 σACε

σACε (σCε )2

))

For simplicity, assume that each teacher is assigned n students with outcomes gener-
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ated by this process. The average outcome of students assigned to teacher j is:

Ȳ k
j = αkj + ūkj

where ūkj =
∑n

i=1 ε
k
i 1(j(i)=j)

n
. Due to the normal-normal structure of the model, the

univariate EB posterior for teacher j’s effect on outcome k, or E[αj|Ȳj], is simply

λkEBȲ
k
j , where

λkEB =
(σkα)2

(σkα)2 + V ar(ūkj )

It follows immediately that the covariance of simple, univariate EB posterior means

does not identify the covariance of latent teacher effects, since

Cov(λAEBȲ
A
j , λ

C
EBȲ

C
j ) = λAEBλ

C
EB

Cov. in teacher effects︷ ︸︸ ︷
Cov(αAj , α

C
j ) +

Cov. in sampling error︷ ︸︸ ︷
Cov

(
ūAj , ū

C
j

)︸ ︷︷ ︸
=Cov(εAi ,ε

C
i )/n


The direction of bias depends on two terms: attenuation due to λAEBλ

C
EB, which

falls between zero and one, and correlated sampling error Cov
(
ūAj , ū

C
j

)
. When the

latter is zero, the covariance of EB posteriors is attenuated toward zero (and the

correlation is biased upwards) and could in principle be corrected by undoing multi-

plication by λAEBλ
C
EB, although this is rarely done. Since in general Cov

(
ūAj , ū

C
j

)
(i.e.,

Cov
(
εAi , ε

C
i

)
) can take any sign, the overall bias is unclear in general settings.

In practice, researchers may use multivariate EB estimators that take account of data

for both outcomes simultaneously. These estimators also fail to recover unbiased

estimates of covariances in latent effects. To show how, we construct an illustration

based on the variance-covariance of teacher effects and classroom-level sampling error

in our data. Table B.1 reports estimates of both, with the latter in brackets. The

variances of the classroom-level sampling error are large. Indeed, in some cases they

are bigger than that of teacher effects. Additionally, there is meaningful correlations

in classroom-level sampling error of different signs across outcomes.

We use the estimated variance-covariance of teacher effects and classroom-level sam-

pling error to construct the implied covariance (and correlation) in EB posteriors from

the normal-normal model described above for different values of n and examine how it
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Table B.1: Variance-covariance of latent teacher effects and student-level heterogene-
ity

Test scores Behaviors Criminal arrest

Test scores 0.121 [0.1391] 0.056 [0.0614] -0.008 [-0.0404]
Behaviors 0.125 [0.2144] -0.202 [-0.1048]

Criminal arrest 0.027 [0.0697]

Notes: This table presents estimated standard deviations (diagonal elements) and correla-
tions (off-diagonal elements) of teacher effects and classroom-level sampling error (i.e., ūkj )
for key outcomes. The former is reported without brackets, while the latter is reported in
square brackets.

relates to the true covariances (and correlations) of latent effects. The EB estimates

use a multivariate model that constructs posterior means as:

E[(αAj , α
B
j )|(Ȳ A

j , Ȳ
B
j )] = Σ12Σ−1

22 (Ȳ A
j , Ȳ

B
j ) (B.1)

where Σ12 =

(
σAα σACα

σACα σCα

)
and Σ22 =

(
V ar(Ȳ A

j ) Cov(Ȳ A
j , Ȳ

B
j )

Cov(Ȳ A
j , Ȳ

B
j ) V ar(Ȳ B

j )

)
.

Figure B.1 reports the results. Each point in the figure shows the ratio between the co-

variance (or correlation) of EB posterior means, or Cov
(
E[αAj |(Ȳ A

j , Ȳ
B
j )], E[αBj |(Ȳ A

j , Ȳ
B
j )]
)

and the covariance (or correlation) of latent effects, or Cov(αAj , α
B
j ), indicating the

proportional degree of bias. The x-axis report the number of students assigned to

each teacher (n).

In Panel A, we impose that there is no correlated classroom-level sampling error across

outcomes, so that Cov
(
ūkj , ū

k′
j

)
(i.e., Cov(εki , ε

k′
i ) = 0) for any two outcomes k and k′.

As we would expect, the bias is decreasing with the number of students per teacher

as the shrinkage factors converge to one and teacher-specific means converge to αkj .

This pattern holds for the covariance estimates across all pairs of outcomes. However,

even with 200 students per teacher, the magnitude of the bias is non-negligible.

In Panel B, we re-introduce the correlations in classroom-level sampling error reported

in Table B.1. The results are consistent across the outcomes considered. The biases

from correlation in classroom-level sampling error across outcomes and the shrinkage

factors are large and persistent. Importantly, for the covariance of test scores and

criminal arrest effects the bias is large even with 1,000 students per teacher, implying
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very accurate estimates of each teacher’s effects.

Panels C and D report the bias of estimates of correlations rather than covariances

and are analogous to Panels A and B. The results are broadly similar and show

persistent and meaningful bias even with a large number of students per teacher. For

the correlation between effects on behaviors and test scores, the biases from correlated

classroom-level sampling error across outcomes and the shrinkage factors happen to

cancel each other out. The former biases the estimate up, while the latter pulls the

estimate towards zero. However, for the other correlations the biases do not cancel

out. Importantly, for the correlation in test scores and criminal arrest the bias is

meaningful even with 1,000 students per teacher, implying very accurate estimates of

each teacher’s effects.
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Figure B.1: Bias of the covariance of EB posterior means as an estimator of the
covariance of latent teacher effects
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Notes: This figure shows results of calculations from the data generating process described
in Appendix B. The x-axis is the number of students assigned to each teacher. The y-
axis compares the covariance (or correlation) in latent teacher effects across outcomes A
and B (e.g., test scores and criminal arrest between ages 16 to 21) to the covariance (or
correlation) in EB posterior means. Each dot plots the ratio of covariances (or correlations),

Cov(αAj , α
B
j ) to Cov

(
E[αAj |(Ȳ A

j , Ȳ
B
j )], E[αBj |(Ȳ A

j , Ȳ
B
j )]
)

. Panel A imposes that there is no

correlation in classroom-level sampling error, while Panel B uses estimates from our data
reported in Table B.1. Panels C and D are analogous to Panels A and B but report results
for correlations rather than covariances.
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C Inference on variance components

Our standard errors rely on second-order U -statistic representations of the estimators

in Equations 4 and 7. Specifically, the estimator for the covariance in latent effects

between two outcomes (e.g., A and C) or the variance of latent effects (e.g., when

A = C) can be written as:

Ĉov(aAj , a
C
j ) =

∑
i

∑
k 6=i

CAC
ik Y A

i Y
C
k

CAC
ik =


J−1
J2

1
|TA

j ||TC
j |−|TA

j ∩TC
j |

if j(i) = j(k)

−1
|TA

j(i)
||TC

j(k)
|J2 if j(i) 6= j(k)

where, with a slight abuse of notation, i and k index teacher-year mean residuals, i.e.,

Y k
i = Ȳ k

j(i)t(i), if outcome k is observed for teacher j in year t and zero otherwise, J

is the total number of teachers, and T kj is the set of time periods where outcome k is

observed for teacher j.

The sampling covariance between any two covariance (or variance) estimates of effects

on outcomes A and B and C and D can be expressed as:

Cov
(
Ĉov(aAj , a

B
j )− Cov(aAj , a

B
j ), Ĉov(aCj , a

D
j )− Cov(aCj , a

D
j

)
= Cov

(∑
i

vAi
∑
k 6=i

CAB
ik aBj(k) +

∑
i

vBi
∑
k 6=i

CAB
ik aAj(k) +

∑
i

vAi
∑
k 6=i

CAB
ik vBk ,

∑
i

vCi
∑
k 6=i

CCD
ik aDj(k) +

∑
i

vDi
∑
k 6=i

CCD
ik aCj(k) +

∑
i

vDi
∑
k 6=i

CCD
ik vCk

)

=
∑
i

σACi

(∑
k 6=i

CAB
ik aBj(k)

)(∑
k 6=i

CCD
ik aDj(k)

)
+
∑
i

σADi

(∑
k 6=i

CAB
ik aBj(k)

)(∑
k 6=i

CCD
ik aCj(k)

)

+
∑
i

σBCi

(∑
k 6=i

CAB
ik aAj(k)

)(∑
k 6=i

CCD
ik aDj(k)

)
+
∑
i

σBDi

(∑
k 6=i

CAB
ik aAj(k)

)(∑
k 6=i

CCD
ik aCj(k)

)
+
∑
i

σADi
∑
k 6=i

CAB
ik CCD

ik σBCk +
∑
i

σACi
∑
k 6=i

CAB
ik CCD

ik σBDk

where as in the main text we define Ȳ k
j(i)t(i) = akj(i) + v̄kj(i)t(i) and define σABi as the

covariance between v̄Aj(i)t(i) and v̄Bj(i)t(i).
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Special cases of this expression deliver sampling variances for objects such as V ar(âAj ),

which can be written as:

V ar(V̂ ar(aAj )− V ar(aAj )) = 4
∑
i

(σAi )2

(∑
k 6=i

CAA
ik aAj(k)

)2

+ 2
∑
i

∑
k 6=i

(CAA
ik )2(σAi )2(σAk )2

where (σAi )2 = σAAi . Standard errors for the covariance in latent effects between two

outcomes (e.g., A and C) are also a special case and can be written as:

V ar(Ĉov(aAj , a
C
j )− Cov(aAj , a

C
j )) =

∑
i

(σAi )2

(∑
k 6=i

CAC
ik aCj(k)

)2

+
∑
i

(σCi )2

(∑
k 6=i

CAC
ik aAj(k)

)2

+ 2
∑
i

(σACi )2

(∑
k 6=i

CAC
ik aAj(k)

)(∑
k 6=i

CAC
ik aCj(k)

)
+
∑
i

∑
k 6=i

(CAC
ik )2(σAi )2(σCk )2 +

∑
i

∑
k 6=i

(CAC
ik )2σACi σACk

C.1 Plug-in estimator of standard errors

As noted in Kline et al. (2020), plug-in estimators of these variances using and âkj and

σ̂klj will generically be biased since, for example, (λ̂mli )2 =
(∑

l 6=iC
ml
ik â

l
j(l)

)2

is not an

unbiased estimate of (λmli )2 =
(∑

l 6=iC
ml
ik a

l
j(l)

)2

. It is straightforward to construct a

correction for these terms, however, since for example E[(λ̂mli )2]−V ar(λ̂mli ) = E[λ̂mli ]2,

and:

V ar(λ̂mli ) = (Cml
jj )2(σli)

2
(|T lj(i)| − 1)2

|T lj(i)|
+
∑
s 6=j(i)

(Cml
js )2(σks )2|T lls|

We can express the bias correction for the product of λmli and λghi analogously. We

use these corrections to construct unbiased estimates of (λmli )2 and λmli λ
gh
i . We use

the same unbiased estimates of (σki )2 and σkli as in the main text to form our plug-in

estimators of sampling variances and covariances. The remaining bias in the resulting

plug-in estimate of sampling variances stems from terms such as (σ̂ki )4. Though it is

possible to construct unbiased estimates of these objects using split sample techniques,

we do not do so. As discussed in Kline et al. (2020), using the biased plug-in versions of
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these terms results in conservative inference but avoids the need to subset to teachers

with sufficient observations to construct split sample estimates of these terms.

C.2 Standard errors for functions of variance-covariance es-

timates

Wherever possible, we use the delta method to construct standard errors for functions

of multiple variance-covariance components, such as a correlation coefficient. In some

cases, however, we use a parametric bootstrap assuming that variance-covariance es-

timates are normally distributed around the point estimates, with sampling variance-

covariance structure given by estimated sampling variance-covariances. Doing so pro-

vides a convenient way to generate standard errors for more complicated objects, such

as multivariate regression coefficients.

D Policy simulation details

This appendix includes technical details for the implementation of the simulations

discussed in Section 5. These simulations examine the implications for a given long-

run outcome of replacing the bottom 5% of teachers, according to a given measure

of quality, with an average teacher for exposed students. In Section 5, we discuss

ranking teachers based on three different options: (i) an index based on teachers’

true direct effect on long-run outcomes, (ii) an index using teachers’ true effects on

short-run outcomes, and (iii) an index using Empirical Bayes estimates of teacher

effects on short-run outcomes. In all cases, we assume that all short- and long-run

teacher effects are jointly normally distributed, allowing us to characterize the full

distribution of teacher quality using our variance estimates.

D.1 Index using true teacher effects on long-run outcomes

In this case, the calculations are straightforward. We are interested in the impact

of replacing the bottom 5% of teachers according to the quality index in Equation

12 with the average teacher. Thus, when estimating the effect of such a policy on
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teachers’ effect on college attendance, for example, the estimand of interest is:

E[µA]− E[µA|ωµC + (1− ω)µA < qIdeal long-run
0.05 ]

where qIdeal long-run
0.05 is the fifth percentile of the distribution of µC + (1 − ω)µA. The

calculation is straightforward given the properties of a bivariate normal distribution

and the variance-covariance matrix of (µA, ωµC + (1− ω)µA).

D.2 Index using true teacher effects on short-run outcomes

In this case, the calculations are also straightforward. We are interested in the impact

of replacing the bottom 5% of teachers according to the quality index in Equation 13

with average teachers. Thus, when estimating the effect of such a policy on teachers’

effect on college attendance, for example, the estimand of interest is:

E[µA]− E[µA|ω1µ
T + ω2µ

B + (1− ω1 − ω2)µS < qIdeal short-run
0.05 ]

where qIdeal short-run
0.05 is the fifth percentile of the distribution of ω1µ

T + ω2µ
B + (1 −

ω1 − ω2)µS. The calculation is straightforward given the properties of a bivariate

normal distribution and the variance-covariance matrix of (µA, ω1µ
T + ω2µ

B + (1 −
ω1 − ω2)µS).

D.3 Index using Empirical Bayes estimates of effects on short-

run outcomes

In this case, the calculations require a few steps. Recall that we are interested in the

impact of replacing the bottom 5% of teachers with average teachers according to an

Empirical Bayes estimate of the quality index in Equation 13.

The policy maker observes the performance of the students of teacher j along multiple

dimensions: (µ̂T , µ̂B, µ̂S). Thus, the first step is forming an Empirical Bayes estimate

of the teacher quality index. We assume that all random variables are normally

distributed and that teacher effect estimates are the sum of true teacher effects and
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independent, identically distributed noise. The Empirical Bayes estimate is:

IndexEB short-run
j = E[ω1µ

T + ω2µ
B + (1− ω1 − ω2)µS︸ ︷︷ ︸

=IndexIdeal short-run
j

|µ̂T , µ̂B, µ̂S] (D.1)

= E[IndexIdeal short-run
j ] + b′I

[
(µ̂T , µ̂B, µ̂S)− E[(µ̂T , µ̂B, µ̂S)]

]
(D.2)

where bI is the linear projection of IndexEB short-run
j on (µ̂T , µ̂B, µ̂S), i.e., Σ−1

µ̂µ̂Σµ̂IndexEB short-run
j

with µ̂ = (µ̂T , µ̂B, µ̂S). The last equality follows from the properties of the multivari-

ate normal distribution. Note, that as IndexEB short-run
j is a linear combination of

normally distributed variables, then it is also normally distributed.

The second step is to predict the effect of conducting a policy that replaces all teachers

with IndexEB short-run
j that is below the 0.05 percentile with the average teacher. Since

IndexEB short-run
j is normally distributed, calculating its fifth percentile is straightfor-

ward.

To formulate our best predictor of the impact of the policy on an outcome of interest

Y , we use also teachers’ observed performance. We construct our estimator in two

steps. First, we calculate the Empirical Bayes estimate of Y given (µ̂T , µ̂B, µ̂S):

Ŷ EB short-run = E[Y |µ̂T , µ̂B, µ̂S] (D.3)

= E[Y ] + b′Y
[
(µ̂T , µ̂B, µ̂S)− E[(µ̂T , µ̂B, µ̂S)]

]
(D.4)

where bY is the linear projection of Y onto (µ̂T , µ̂B, µ̂S). The second step is to calculate

the predicted change in Y due to the replacement policy:

E[Ŷ EB short-run]︸ ︷︷ ︸
=E[Y ]

− E[Ŷ EB short-run|IndexEB short-run
j < qEB of short-run

0.05 ] (D.5)

=
Cov(Ŷ EB short-run, IndexEB short-run

j )

V ar
(
IndexEB short-run

j

) E[IndexEB short-run
j |IndexEB short-run

j < qEB of short-run
0.05 ]

=
Cov(Ŷ EB short-run, IndexEB short-run

j )

V ar
(
IndexEB short-run

j

) σIndexEB short-run
j

φ

(
qEB of short-run
0.05 −E[IndexEB short-run

j ]

σ
IndexEB short-run

j

)
Φ

(
qEB of short-run
0.05 −E[IndexEB short-run

j ]

σ
IndexEB short-run

j

)
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and note that:

Cov(Ŷ EB short-run, IndexEB short-run
j ) = Cov(b′Iµ̂, b

′
Y µ̂)

Implementing this homoscedastic EB-version of retention policies requires only esti-

mating the variance-covariance of (µ̂T , µ̂B, µ̂S), which can be directly estimated given

individual teacher effect estimates, and the previously estimated variance-covariances

of teacher effects on short-run outcomes.
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