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Test score measures of teacher quality may not fully capture teachers’
impact on students. We use test score and non–test score measures of
student achievement and behavior to estimate multiple dimensions
of teacher quality. We find that these two measures of teacher quality
are only weakly correlated and that both affect students’ high school
performance. A teacher removal simulation that uses both measures
improves most long-term student outcomes by over 50%, compared
to a policy that uses test scores alone. Our results also show that for high
school outcomes the effects of teachers in later grades are larger than
those in earlier grades and that performance in core elementary school
subjects matters more than that in other subjects.

I. Introduction

Teacher quality has garnered the attention of policymakers and research-
ers for many years. Researchers have primarily measured teacher quality
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using a test score value-added framework.1 Although the use of test score
value-added has substantially affected education research, people have
long recognized that good teachers likely affect a wide range of student
outcomes. In fact, early theoretical formulations of value-added used an
education production function that modeled educational output as a
“multidimensional factor” (Hanushek 1971). Consequently, measures
of teacher quality that rely solely on student test scores may not fully cap-
ture the impact teachers have on students.
In this paper, we are interested in whether teachers can noticeably af-

fect measures of student achievement beyond test scores and to what ex-
tent the impact on non–test score measures is important for the future
success of students. We use the value-added framework to construct sep-
arate measures of teacher ability to improve test scores, behavior, and a
plausible measure of noncognitive skills. We use these multiple value-
added estimates of teacher ability to explore the effect of teachers on stu-
dents’ long-term outcomes and the relative importance of cognitive and
noncognitive skills in the production of human capital. We illustrate the
benefits of using broader measures of teacher ability by investigating
the extent to which using multiple measures of teacher ability increases
the efficacy of teacher selection and assignment policies, improves the
measurement of the cumulative return to high-quality teaching, and al-
lows the measurement of teacher quality in untested subjects.
We gather administrative data from the Los Angeles Unified School

District (LAUSD) for students in grades K–12 from 2003 to 2015. These
data link over a million students to teachers and track students over time
as they progress through the LAUSD system. Our three measures of stu-
dent achievement are constructed from (1) student math and English
CST (California Standards Test) scores, (2) measures of student behavior,
including suspensions, attendance, GPA (grade point average), and grade
retention, and (3) teacher assessments of student effort and 14 learning
skills that are plausible measures of noncognitive ability. The learning
skills include teacher assessments such as whether a student makes good
use of time, exercises self-control, and resolves conflicts appropriately.
Wemeasure the long-term effects of teachers using student performance
in high school, including dropping out of high school, taking the SAT,
SAT scores, CAHSEE (California High School Exit Examination) scores,
GPA, teacher assessments of effort and cooperation, attendance, suspen-
sions, and grade retention.
We first document that elementary school students with better test

scores, behavior, and learning skills performbetter inhigh school.We then
estimate teacher value-added measures of three dimensions of teacher

1 An important exception is a paper by Kirabo Jackson (2018) that estimates non–test
score measures of teacher quality that we discuss in more detail below.
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quality: student test scores (using math and English CST), student behav-
ior (usingGPA, attendance, suspensions, and grade retention), and student
learning skills (using teacher assessments of effort and 14 learning skills).
To avoid bias and potential teacher manipulation when using teacher-
reported non–test score variables, we modify the standard value-added
framework to use student outcomes from the year after the student was
in a teacher’s class, instead of the contemporaneous year. Using these
value-added measures, we show that teachers affect both test score and
non–test score dimensions of student achievement, but we find little evi-
dence that learning skills value-added affects high school outcomes.
We find that having a high–test score value-added teacher in elemen-

tary school improves students’ high school performance. These long-
term effects of test score value-added are not substantially reduced by
adding teachers’ behavior or learning skills value-added to the model.
This result suggests that the long-term effects of test score value-added
may not be biased by omitting non–test score teaching ability.
We also find that behavior value-added is only weakly correlated with

test score value-added and has a similarly large effect on students’ long-
term outcomes. Therefore, test score value-added misses the dimensions
of teacher quality captured by behavior value-added that matter for long-
term outcomes. Consequently, test score value-added underestimates the
total effect of teachers on students. However, we find no evidence of an
interaction effect for teachers who are better or worse on both dimen-
sions of teacher ability.
The low correlation between the two value-added measures also sug-

gests that using behavior value-added in conjunction with test score
value-added may substantially enhance the accuracy with which overall
teacher quality is measured. We illustrate how behavior value-added en-
hances the measurement of teacher quality, using a hypothetical policy
simulation that replaces teachers in the bottom 5% of the teacher quality
distribution with district-average teachers. Relative to relying on test
score value-added alone, a simple rule that equally weights the test score
and behavior value-added of a teacher increases the efficacy of the policy
by at least 50% for the likelihood of dropping out of high school, taking
the SAT, high school GPA, suspensions, absences, and on-time progres-
sion. These gains are obtained with little to no decline in student test
scores, are similar to the gains obtained if an optimal weighting scheme
is used, and do not require administering additional tests or using data
beyond what schools typically collect.
Finally, we use test score and non–test score measures of ability in

two applications. First, we estimate the effect of test score and behavior
value-added for each grade from 3 to 12. We find that middle school
and high school teachers have a larger effect on outcomes measured in
eleventh or twelfth grade than elementary school teachers. This result
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suggests that teachers in later grades may play a more important role in
benefiting students’ high school outcomes than teachers in earlier
grades, under the strong assumption that a 1–standard deviation change
in teacher value-added induces the same amount of learning in each
grade. Assuming constant returns to higher-quality teachers, these results
imply large cumulative benefits of teacher value-added. For example, giv-
ing students a teacher with a standard deviation better test score value-
added each year fromgrade3 to grade 12 increases the likelihoodof taking
the SAT by 8.1 percentage points and reduces the likelihood of dropping
out of high school by 0.5 percentage points. Giving students a teacher with
a standard deviation better behavior value-added over the same period in-
creases the likelihood of taking the SAT by 8.4 percentage points and re-
duces the likelihood of dropping out of high school by 5.9 percentage
points. The cumulative effects of better teachers are only somewhat re-
duced by controls for tracking.
Second, the focus on test scores has limited the study of teacher quality

to a few regularly tested subjects (i.e., math and English). We instead use
subject-specific GPAs to compute value-added measures of teacher qual-
ity in 10 elementary school subjects. We find that students with higher
value-added teachers in reading and health perform better in high
school, whereas having a higher value-added teacher in speaking has neg-
ative effects on high school performance. Hiring teachers who are rela-
tively better at teaching reading could potentially benefit the long-term
outcomes of students.
From a policy perspective, there are potentially large benefits from

adopting a measure of teacher quality that includes both test score and
non–test score dimensions. For example, policy makers can use non–test
score value-added to measure teacher quality for all teachers, not just
math and English teachers. In addition, since focusing on only one out-
put of the multidimensional education production function (i.e., test
scores)may distort the efficient allocation of teachers’ time and resources,
using a broader measure of teacher quality may help alleviate this distor-
tion. Finally, using a better measure of overall teacher quality can make
school districts’ hiring and tenure decisions more effective.
Our paper contributes to a literature that estimates the effect of various

non–test score value-added measures on contemporaneous outcomes
( Jennings and DiPrete 2010; Ruzek et al. 2015; Gershenson 2016; Blazar
and Kraft 2017; Kraft 2019), on within–high school outcomes ( Jackson
2018), and on outcomes of 20-year-olds (Flèche 2017).2 The paper most

2 The non–test score value-added measures include social and behavioral skills ( Jennings
and DiPrete 2010); motivation (Ruzek et al. 2015); absences (Gershenson 2016); belief in
the ability to domath and happiness inmath class (Blazar and Kraft 2017); grit, growthmind-
set, effort, and answering open-ended questions (Kraft 2019); absences, suspensions, grades,
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closely related to ours is Jackson (2018). Using North Carolina data, he
finds that above and beyond test scores, teachers affect proxies for non-
cognitive skills (behavior value-added) in ninth grade and subsequently
outcomes in twelfth grade, such as high school completion, SAT taking,
and intentions to attend college. He finds that including both test score
and behavior value-added measures in ninth grade more than doubles
the predictable variability of teacher effects on twelfth-grade outcomes.
Our paper contributes in several ways. First, we estimate measures of

behavior and noncognitive value-added in addition to the standard test
score value-added. We find that the non–test score value-addedmeasures
are only weakly correlated with test score value-added. Importantly, this
additional dimension of teacher quality matters for students’ long-term
outcomes, even independent of test score value-added. Furthermore,
the estimated effects of test score value-added on long-term outcomes are
not biased by omitting these additional dimensions of teacher quality.
Our results indicate that incorporating both of these measures of teacher
quality in teacher hiring and retention decisions would substantially im-
prove students’high school outcomes. In addition, we can estimate the ben-
efit of having a higher-quality teacher in each grade from 3 through 11,
which allows for comparisons in the effect of teacher quality across grades
and the cumulative effect of increasing teacher quality.3 Finally, the test
score value-added literature has been limited tomeasuring teacher perfor-
mance in tested subjects, primarily English and math ( Jackson, Rockoff,
and Staiger 2014). Our extension of the value-added framework to mea-
sure subject-specificGPAvalue-addedprovides novel estimates of the effect
of teaching quality on long-term outcomes in subjects that are not tested.
We also contribute to the broader literature on the role of cognitive

and noncognitive skills in the production of human capital and long-
term outcomes (e.g., Heckman, Stixrud, and Urzua 2006; Cunha, Heck-
man, and Schennach 2010) by analyzing how teachers with varying levels
of ability to increase students’ cognitive and noncognitive skills affect
their students’ long-term outcomes. More specifically, we contribute to
understanding the role that the development of cognitive and noncogni-
tive skills plays in the long-term effects of educational interventions
(Heckman, Pinto, and Savelyev 2013), using a different source of varia-
tion in cognitive and noncognitive skills.
The rest of the paper proceeds as follows. Section II provides back-

ground information on value-added scores. Section III describes the

3 Chetty, Friedman, and Rockoff (2014b) estimated test score value-added for grades 4–
8, and Jackson (2018) estimated test score and non–test score value-added in grade 9.

and grade progression ( Jackson 2018); and internalizing and externalizing behavior (Flèche
2017). Araujo et al. (2016) produce short-term estimates of classroom value-added on mea-
sures of executive function. Other studies assess multidimensional teacher effects with non–
value-added approaches (Rockoff and Speroni 2010; Mihaly et al. 2013).
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LAUSD data that we use and, in particular, describes the variables used to
measure test score, behavior, and learning skills value-added. Section IV
outlines the empirical method for estimating teacher value-added mea-
sures and the effect of teacher value-added on long-term student out-
comes. Section V presents the descriptive results of the test score, behavior,
and learning skills value-added of teachers and then reports the results
for how teachers affect students’ concurrent and long-term outcomes.
The gains from teacher removal policies that use multiple dimensions of
teacher quality are also presented. Section VI presents the relative value
of higher-quality teachers over the students’ educational life cycle and in
specific subjects. Section VII concludes.

II. Background on Test Score Value-Added

Since the early 1970s, researchers have used test score valued-added to
measure teacher quality (Hanushek 1971). This research led states and
school districts to use test score value-added in teacher evaluations as
early as the 1990s (Horn and Sanders 1994). Since then, the use of test
score value-added has expanded, and 27 states now require that teacher
evaluations include “growth measures as a significant criterion” (National
Council on Teacher Quality 2015). This increased use of test score value-
added has largely been due to a lack of other predictors of teacher quality
(Hanushek and Rivkin 2010). Much of the recent work in the value-added
literature focuses on the validity of value-added models (Rockoff 2004;
Kane and Staiger 2008; Rothstein 2010, 2017; Kane et al. 2013; Bacher-
Hicks, Kane, and Staiger 2014; Chetty, Friedman, and Rockoff 2014a,
2017), gains from using them in personnel decisions (Gordon, Kane,
and Staiger 2006; Goldhaber and Hansen 2010; Hanushek 2011), and
theoretical and empirical studies of their use in pay for performance
(Neal 2011; Fryer 2013; Goodman and Turner 2013). In particular,
Chetty, Friedman, and Rockoff (2014b) find that students with higher
test score value-added teachers earn significantly more by their late 20s,
have fewer births as teenagers, and are more likely to attend college.

III. Los Angeles Student Data

The LAUSD is the second-largest school district in the United States,
educating over 600,000 students each year. In 2003, the school district
was 71.9% Hispanic, 12.1% Black, and 9.4% white.4 We use a panel of
student-level administrative data on all public school students in the
LAUSD. The panel links students to teachers over time and includes the
2002–3 to 2014–15 school years, which we reference by year of graduation

4 Statistics can be found at http://dq.cde.ca.gov/dataquest.
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(e.g., we refer to the 2002–3 school year as 2003). Our analysis focuses on
the over 110,000 third- to fifth-grade students studying in the LAUSD each
year.
These data are unique in the level of detail they provide about each

student’s academic performance. For grades 2–11, math and English CST
scores are available for each student. The testing regime is relatively consis-
tent over this period, with the only major change being an essay section
added to the fourth- and seventh-gradeEnglish tests in 2011. For all grades,
these data contain the number of days a student was suspended, the num-
ber of days a student was absent, and whether a student did not progress
on time to the next grade (i.e., was held back). Both elementary and high
school students received progress reports with their grades by subject and a
number of additional teacher assessments of student performance.
Elementary school (grades K–5) progress reports are given each tri-

mester by the student’s sole classroom teacher and contain achievement
grades in 10 subjects (e.g., reading, mathematics, and art), effort grades
for the same 10 subjects, grades for five “work and study habits” (e.g.,
“makes good use of time” and “organizes materials”), and grades for nine
“learning and social skills” (e.g., “resolves conflicts appropriately” and
“exercises self-control”). All grades are on a 4-point scale, with no frac-
tional points given. We compute an annual GPA for each of the four
groups listed above. Figure 1 shows a template of the progress report.
Starting in the sixth grade, middle school and high school students re-

ceive progress reports each semester from multiple classroom teachers,
with three categories of grades for each of their classes: achievement
(i.e., academic performance), “work habits,” which we term “effort” (i.e.,
“effort,” “responsibility,” “attendance,” and “evaluation”), and “cooperation”
(i.e., “courtesy,” “conduct,” “improvement,” and “class relations”). Achieve-
ment is graded on a 4-point scale, and effort and cooperation are graded
on a 3-point scale, with no fractional points given. We compute annual
GPAs for each of these three groups ofmeasures. Figure A.1 shows addition-
al details on grading criteria.
Additional data are available for middle and high school students, in-

cluding whether a student dropped out of high school (i.e., the student
enrolled in the LAUSD in grade 9 and did not graduate high school in
the LAUSD within 5 years), graduated from the LAUSD conditional
on enrolling in the LAUSD in twelfth grade, SAT scores, PSAT (prelim-
inary SAT) scores, math and English CAHSEE scores, science CSTscores
(grades 5, 8, and 10), social science CSTscores (grades 8 and 11 andworld
history), and the number of AP (advanced placement) courses taken. All
test scores are normalized to be mean 0 and standard deviation 1 at the
grade-year level, except both SAT and PSAT scores, which we place on a
600–2400 scale (the PSAT is normally on a 60–240 scale, and for some
years, the SAT was on a 400–1600 scale). We top-code days absent at
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FIG. 1.—Blank copy of an LAUSD elementary school progress report. Each row labels the
academic subject, work and study habits, or learning and social skill each student is graded
on by their teacher. Columns 1–3 correspond to the three trimesters students receive a
grade. For the academic subjects, the “AC” column stands for achievement scores and
the “EF” column stands for effort scores. For all academic subjects, work and study habits,
and learning and social skills, students receive a grade ranging from 1 (the poorest perform-
ing) to 4 (the best performing).



180 days per year and report log absences as the log of 1 plus the num-
ber of absences.
We compute test score value-added measures using math and English

CSTscores and behavior value-added using log days absent, achievement
GPA, an indicator for suspensions, and an indicator for being held back;
we describe the measures fully in sections IV.A and IV.B. For elementary
school teachers, we compute learning skills value-added using the three
additional types of elementary school GPAs. We reduce the dimensional-
ity of both the inputs to the value-added variables and the value-added
variables themselves by creating equally weighted indices.
Our main outcome variables are measures of high school performance,

including an indicator for dropping out of high school, an indicator for
taking the SAT, SATscores, the three high school GPAmeasures averaged
from grades 9–12, math and English CAHSEE scores, days suspended in
grades 9–12, log absences in grades 9–12, and an indicator for being
held back in grades 9–12. We treat graduation as a supplemental mea-
sure because it is conditional on enrolling in the LAUSD in twelfth grade.
The unit of observation in themain analysis data set is a student–academic
year, where the outcome is typically a measure of the student’s perfor-
mance in high school and the independent variables of interest are the
three teacher value-added indices for a student in a particular academic
year. We focus on the pooled effect of teachers in grades 3, 4, and 5,
and thus the same student often appears in the main analysis three times.
Summary statistics for these data are shown in table 1. Panel A shows

summary statistics for all students in grades 3–5 during the 2004–10
school years. Panel B shows high school summary statistics for the students
in panel A who attended high school in the LAUSD. Figure A.2 shows re-
tention rates by grade. While the dropout numbers seem high, they are
consistent with LAUSD’s official graduation rate, which was 64% in
2005–6 and 62% in 2009–10. The LAUSD dropout variable overestimates
the dropout rate as a measure of people who never graduate from any
school in CA by a factor of about 1.5 because it includes both dropouts
and students who transferred to schools outside of the LAUSD. The actual
LAUSD dropout rate, estimated by the LAUSD, was 37.2% in 2010. The
graduated variable is an overestimate of the actual graduation rate because
it is conditioned on entering twelfth grade.

IV. Empirical Method

A. Estimating Teacher Value-Added

Let Sijt be a measure of student i’s test scores, behavior, or learning skills
in academic year t in teacher j’s class. For example, Sijt could be a stan-
dardized test score, an indicator for whether the student was suspended,

impact of teachers on students 1065



or a teacher’s assessment of a particular learning skill. The goal is to es-
timate the effect of a teacher on several measures of students’ test scores,
behavior, and learning skills. Recent research estimating teacher test
score value-added and its affects on long-term outcomes has used slightly

TABLE 1
Summary Statistics

Variable Mean Standard Deviation Observations

A. Grades 3–5

Math CST score .01 1.00 891,643
English CST score .00 1.00 891,751
GPA 2.88 .42 861,977
Effort GPA 3.14 .46 861,977
Learning skills GPA 3.10 .58 614,532
Fraction of days absent (%) 3.9 858,308
Days suspended .05 .38 906,193
Held back (%) .7 837,401
English learner (%) 42.0 906,193

B. High School Outcomes

LAUSD dropout (%) 54.6 333,513
Took SAT (%) 50.5 249,436
SAT score 1,330 298 145,265
GPA 2.25 .96 536,868
Effort GPA 2.12 .52 476,548
Cooperation GPA 2.33 .45 476,548
Math CAHSEE score .07 1.01 331,266
English CAHSEE score .08 .98 329,980
Days suspended .18 .83 588,273
Fraction of days absent (%) 7.8 542,959
Held back a grade (%) 29.0 449,533
Graduated if entered 12th grade (%) 88.6 190,278
Took PSAT (%) 68.9 470,703
PSAT score 1,110 248 348,992
Math CST score 2.05 .99 124,044
English CST score .00 .99 135,769
Grade 8 science CST score .02 1.00 599,880
Grade 10 science CST score .09 1.00 296,069
Grade 8 social science CST score .03 1.00 548,439
Grade 11 social science CST score .07 .99 160,483
World history CST score .06 .98 270,403
Number of AP courses .73 1.70 588,273

Note.—The sample includes students in grades 3–5 who attended the LAUSD. The unit
of observation is a student–academic year. Panel A reports summary statistics for all LAUSD
students in grades 3–5 from 2004 to 2010. Panel B reports high school summary statistics
for all LAUSD students who were in grades 3–5 from 2004 to 2010 and attended high
school in the LAUSD. Elementary school GPA, effort GPA, and learning skills GPA are
on a 4-point scale. GPA in high school is on a 4-point scale, and effort GPA and cooperation
GPA in high school are on a 3-point scale. All test scores except the SAT and PSATare nor-
malized at the grade-year level. Both the SATscore and the PSATscore are on a 600–2400 scale.
The LAUSD dropout variable is the fraction of students who enrolled in an LAUSD school
in ninth grade and did not graduate from an LAUSD school within 5 years. The “Graduated
if entered 12th grade” variable shows the fraction of students who enrolled in an LAUSD
school in twelfth grade and graduated from the LAUSD.
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different estimation strategies (Chetty, Friedman, and Rockoff 2014b;
Rothstein 2017; Jackson 2018). Our approach combines elements of each,
andwe show in the appendix that themain results are robust across a range
of estimation strategies.
For test score value-added, we use the following estimation procedure.

Although the procedures are very similar, a small but important adjust-
ment is made when estimating behavior and learning skills value-added,
which is discussed below. We construct value-added measures by first re-
sidualizing the achievement measure, Sijt, by regressing it on a vector of
controls, Xijt, for lagged student achievement and the classroom environ-
ment, using equation (1). The baseline controls Xijt include equation (1)
lags of a cubic polynomial of the student’s math test score, English test
score, achievement GPA, effort GPA, work and study habits GPA, and
learning and social skills GPA; (2) lags of log days absent, an indicator
for suspensions, and an indicator for being held back; (3) current
English-language-learner status; (4) a cubic polynomial of both class-
and grade-level averages of lagged math test score, English test score,
achievement GPA, effort GPA, work and study habits GPA, and learning
and social skills GPA; (5) class- and grade-level averages of lagged log days
absent, an indicator for suspensions, an indicator for being held back,
and English-language-learner status; (6) current class size; and (7) grade
fixed effects and year fixed effects. Each of the controls, except current
English-language-learner status and current class size, are interacted
with grade fixed effects. In middle and high school, our controls Xijt are
the same as in elementary school, except that we exclude effort GPA,
work and study habits GPA, and learning and social skills GPA for lack
of data.

Sijt 5 ΓXijt 1 εijt , (1)

εijt 5 mjt 1 ac 1 git : (2)

We assume that the error term, εijt, is an additively separable function of
teacher quality (mjt), classroom shocks (ac), and student-year shocks (git),
as defined in equation (2). This specification of the error term, εijt, is
more flexible than one often used in the value-added literature that re-
quires a teacher’s quality be the same in each year. This approach re-
quires a stationarity assumption to separately identify mjt and ac.5

Let nijt be the residualized student achievement, computed as follows:

nijt 5 Sijt 2 Γ̂Xijt : (3)

The residualization purges Sijt of measures of the prior achievement of
each student, each student’s class, and each student’s grade. For middle

5 See assumption 1 of Chetty, Friedman, and Rockoff (2014a).
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andhigh school students, we obtain the residuals using only students who
had one teacher per subject for English or math.
We then take the mean of the residuals, �njt 5 ð1=N ÞoN

i51nijt , by year for
each teacher j. This provides an estimate of the teacher’s value-added
score, which is a measure of their ability to affect student achievement
in each year t. It is unbiased as long as certain teachers do not tend to re-
ceive students with relatively better- or worse-than-average unobserved
achievement, specifically, if E½ac 1 git jj � 5 E½ac 1 git � (Chetty, Friedman,
and Rockoff 2011). Although this is a strong assumption, it is plausible in
this context because the value-added model includes extensive controls
for students’ prior achievement and behavior in school that have been
shown to account formost student sorting in test score value-addedmodels
(Bacher-Hicks, Kane, and Staiger 2014; Chetty, Friedman, and Rockoff
2014a). To help alleviate concerns about student sorting based on unob-
servable components of student achievement, in section V.E we check
for forecast bias, examine the effect of teacher value-added on predicted
outcomes as a placebo test, and perform a quasi-experimental analysis
that uses teachers switching grades and schools. We also show that our es-
timates are robust to including controls for tracking in middle and high
school.
We then predict teacher quality in year t with the teacher’s estimated

value-added scores in the surrounding years, using the equation
n̂jt 5 ot1a

s5t2aŵs�njs1½s ≠ t�, where a equals 6 years for test scores and 5 years
for behavior and learning skills. This approach measures teacher quality
with data from the surrounding years to avoid biasing estimates of the
long-term effects of teacher quality on student outcomes ( Jacob, Lefgren,
and Sims 2010). Including year t in the prediction would likely bias the
long-term estimates, because unobservables in year t that affect any di-
mension of student performance may also affect both the estimated
value-added measure in year t and the long-term outcomes. We allow
the weight placed on the value-added measure, ŵs, to vary by the number
of years before or after year t. We estimate the weights by minimizing
the mean-squared error of the difference between �njt and predictions of
�njt made with the teacher value-added measures the years before and after
t—specifically, by solving the following minimization problem: w 5
arg minfwt2a , ::: ,wt1ago

J
j ð�njt 2 ot1a

s5t2aw�njs1½s ≠ t�Þ2.6 This procedure produces
leave-year-out jackknife value-added predictions that allow teacher quality
to change over time, and it shrinks the value-added predictions to the
mean throughBayesian shrinkage (Chetty, Friedman, andRockoff 2014a).
Wemodify this procedurewhenwe calculate non–test score value-added

measures by using the lead of the achievementmeasure, Sijðt11Þ, as the out-
come variable. This approach contrasts with most of the non–test score

6 See Chetty, Friedman, and Rockoff (2014a) for additional details.
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value-added literature, which uses contemporaneous student outcomes
instead of outcomes in the next year, but is closely related to approaches
used to calculate the value-added of professors (Carrell and West 2010;
Figlio, Schapiro, and Soter 2015). This approach requires the main as-
sumption—that teachers do not systematically receive students with rela-
tively better or worse unobserved achievement—holds for 2 years instead
of just one. This assumption is otherwise identical to the assumption used
in the value-added literature.
We use Sijðt11Þ because using Sijt creates the potential for the non–test

score value-added measures to capture aspects of teacher behavior unre-
lated to teachers’ ability to affect students’ behavior or learning skills. For
example, grades are likely affected not only by howmuch a teacher helps
a student learn and work diligently but also by how strictly the teacher
grades. Similarly, suspensions are affected both by whether a teacher helps
develop student behavior and by how harshly or leniently a teacher chooses
to punish a student. These types of measurement error could lead to bi-
ased estimates of the effect of teacher value-added on student outcomes.
A related concern is that teachers could directly affect long-term out-

comes without affecting a student’s behavior or learning skills. For exam-
ple, if a teacher is more likely than other teachers to recommend a stu-
dent be held back, that student may be more likely to drop out of high
school even if the teacher actually has no effect on the student’s behavior
or learning skills. This potential direct effect could bias the effect of
teacher value-added on long-term outcomes in the direction of affecting
long-term outcomes.
We remove bias from variation in teacher strictness (or leniency), and

the direct effect of teachers on long-term student outcomes, by using
the lead of the student achievement measure (i.e., achievement in year
t 1 1 rather than the measure of student achievement in year t):

Sijðt11Þ 5 ΓXijt 1 εijt : (4)

This approach introduces noise to our estimates, because it partially
captures the effect of the teacher in year t 1 1, but removes systematic bias
from teachers evaluating their own students. In addition, using student
achievement in year t 1 1 makes it more difficult for teachers to manip-
ulate their behavior or learning skills value-added. It does not eliminate
all measurement problems, as there are a limited number of year t 1 1
teachers evaluating each teacher’s students and somemeasures have an in-
herent subjectivity that is not fixed using this approach. However, we show
later in the paper that the GPA and learning skills measures, Sijt, are highly
correlated with students’ long-term outcomes, and that GPA and learning
skills value-added affect outcomes after year t 1 1, which suggests that
these variables measure meaningful skills.
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In order for this approach to work, teachersmust be able to exert some
long-term influence on their students’ behavior. One possible channel
is by directly helping students develop noncognitive skills (e.g., Cunha,
Heckman, and Schennach 2010; Heckman, Pinto, and Savelyev 2013;
Kraft 2019). Teachers may also affect parents’ behaviors and beliefs, for
example, about the value of attending school or their child’s perfor-
mance in school, and induce parents to reduce absences or help their
children with their homework.7

B. Estimating the Long-Term Effects of Teacher
Value-Added

Once we have leave-year-out estimates of teacher quality, v̂jt , we explore
how having either a higher- or a lower-quality teacher along some dimen-
sion of teacher quality affects a student in the long term. Let yi be a long-
termoutcome of interest, such as whether a student is a high school drop-
out, an indicator for taking the SAT, or a score on a test required for high
school graduation. Let k index the distinct leave-year-out value-added
measures of test scores, behavior, or learning skills. Elementary school
students have only one teacher per year, so we have only one measure
of v̂jkt per student-year. Let nijt be the number of classes student i has with
a teacher j in academic year t. For a high school ormiddle school student i
and subject s ∈ fEnglish, mathg, we construct v̂s

ikt 5 ð1=oJ
j51nijtÞoJ

j51nij v̂s
ijkt ,

which is the mean value-added score weighted by the number of classes
the student has with the teacher.
We regress outcome, yi, on a number of value-added measures and our

controls from equation (1), Xijt, with the exception of variables that are
not consistently available across years, including work and study habits
GPA and learning and social skills GPA.8 The estimates of bbk for each
value-added measure assess how each dimension of teacher quality affects
the outcome of interest:

7 For example, in California 42%–56% of elementary school parents were contacted by
their school about attendance in a 6-month period (Ad Council 2015). Nationally, 90% of
parents of third- to fifth-graders report attending parent-teacher conferences (McQuiggan
and Megra 2017), and one of the topics LAUSD suggests teachers inform parents about is
the benefit of better attendance (LAUSD New Teacher Resource Guide). There is also evidence
from randomized controlled trials that communication from teachers or schools to par-
ents substantially increases attendance (Kraft and Rogers 2015; Cook et al. 2017; Robinson
et al. 2018; Rogers and Feller 2018)

8 In particular, the controls include lags of a cubic polynomial of the student’s math test
score, English test score, GPA, and effort GPA; a cubic polynomial of lagged class- and
grade-level means of each of those variables; current English-learner status, lagged log days
absent, lagged suspensions, lagged being held back, and the class- and grade-level averages
of these variables. Each of these variables, except English-learner status, is fully interacted
with grade fixed effects, and a control for class size is included.
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yi 5 o
K

k51

bk n̂jkt 1 ΓXijt 1 hijt : (5)

We reduce the dimensionality of the estimates of teacher quality by
constructing three indices of the value-added variables. The first index
is computed from teacher math and English test score value-added,
which we call the “test score value-added,” or v̂sjt . The second value-added
index is computed from value-added for suspensions, log days absent,
GPA, and not progressing to the next grade on time (i.e., being held
back), which we call the “behavior value-added,” or v̂bjt . The third value-
added index is computed from the value-added from effort GPA, work
and study habits GPA, and learning and social skills GPA, which we call
“learning skills value-added,” or v̂ljt . We chose these three groups because
they separate test scores from non–test scores and because the behavior
value-added includes variables that are available for all grades, whereas
the learning skills value-added is available only for elementary school stu-
dents. Our behavior value-added measures for middle and high school
students include measures for both their math and English teachers. The
indices are computed by summing the standardized value-added vari-
ables, recoded so that each has the same expected sign, and then stan-
dardizing the resulting index to be mean 0 and standard deviation 1. In
the appendix, we show that the main results are robust to grouping GPA
with learning skills, using factor analysis to construct the three indices,
and using exploratory factor analysis to choose the factors and the factor
load on each value-added measure.
We estimate the long-term effect of these value-added measures, using

the following specification:

yi 5 bsv̂sjt 1 bbv̂bjt 1 blv̂ljt 1 ΓXijt 1 hijt , (6)

where Xijt is the vector of baseline controls used in equation (5). We
also compare the estimates from equation (6) with the estimates from
a model that omits non–test score value-added indices. This comparison
allows us to sign the bias fromomitting non–test scoremeasures in papers
that estimate the effect of teachers’ test score value-added on long-term
outcomes. If we find that bbs falls when we move from a model that ex-
cludes v̂bjt and v̂ljt to one that includes them, it suggests that typical esti-
mates of the long-term effects of test score value-added are biased upward
by omitted measures of behavioral or noncognitive skills. Alternatively,
if v̂bjt or v̂

l
jt affects long-term outcomes and the estimate of bbs is unaffected

by adding v̂bjt or v̂
l
jt , the long-term effects of test score value-added may be

unbiased, but estimates of the total effect of teachers on students is larger
than the effects found when using test score value-added alone.9 We cluster

9 We use the modal high school that students in each elementary school progress to, so
all students in a given elementary school are in the same cluster.
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the standard errors at the high school level. As shown in table A.1, the stan-
dard errors not substantially affected by bootstrapping over the estimation of
the value-added scores described in section IV.A and the estimation of the
long-term effects using equation (6).
Let tildes denote residualized student value-added indices; for example,

~vsjt 5 v̂sjt 2 Γ̂Xijt 2 bbbv̂bjt 2 bblv̂ljt . To interpret the estimates in equation (6)
as causal, we must assume Covð~vsjt , hijtÞ 5 Covð~vbjt , hijtÞ 5Covð~vljt , hijtÞ 5 0;
the residualized leave-year-out predicted teacher value-added indices and
student unobservables that affect the outcome, yi, are uncorrelated. Al-
though this is a strong assumption, sorting based on teacher characteris-
tics that are uncorrelated with residualized teacher value-added (e.g.,
master’s degree attainment) will not bias our estimates (Chetty, Friedman,
and Rockoff 2011). To help alleviate some of the concerns with this as-
sumption, in section V.E we examine the effect of teacher value-added
onpredicted outcomes as a placebo test and performaquasi-experimental
analysis that uses teachers switching grades and schools.
In addition, there are reasons to believe that this approach is conserva-

tive. First, we find somewhat larger, although much less precisely esti-
mated, effects using a quasi-experimental design that uses variation in
teachers switchingbetween grades and schools. Second, we estimate smaller
effects than if we use the approach taken by Chetty, Friedman, and Rockoff
(2014b).
We also extend this analysis in two ways. First, we examine the dynamic

effects of a teacher on student outcomes for years t ∈ ½0, 1, ::, 7�:

yiðt1tÞ 5 bsv̂sjt 1 bbv̂bjt 1 blv̂ljt 1 ΓXijt 1 hijt : (7)

The model shows the extent to which the effect of teacher value-added
on student outcomes persists or fades over a number of years. Second,
we assess the effects on high school outcomes by grade to see in which
grades high-quality teachers have the most impact on students in high
school.

V. Results

A. Descriptive Results

1. Descriptive Relationships in Student Data

To assess whether multiple dimensions of teacher quality might matter
for long-term outcomes, we estimate the relationship between measures
of student achievement, both with each other and with long-term out-
comes. Table A.2 shows bivariate correlations between each of the mea-
sures of student achievement. English and math test scores are highly
correlated. The relationships between test scores and students’ GPA,
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learning skills GPA, and effort GPA are weaker, but the correlation still
ranges from 0.45 to 0.68. The correlations of these variables with atten-
dance, days suspended, and being held back are substantially weaker,
which suggests that these variables largely capture different aspects of stu-
dent achievement. These correlations suggest that test scores, behavior,
and learning skills are related but that some room remains for them to
have an independent effect on long-term outcomes. Reducing the dimen-
sionality of these variables by separately computing test score, behavior
(i.e., attendance, days suspended, being held back, and GPA), and learn-
ing skills (i.e., learning skills GPA and effort GPA) indices, as described
in section IV.B, yields correlations between 0.46 and 0.55 (table 2).
Next, we assess whether these measures of student achievement are re-

lated to long-term outcomes, conditional on the same set of controls we
use to compute the value-added measures. English and math test scores,
GPA, learning skills GPA, suspensions, log days absent, and being held
back in grades 3–5 typically have a statistically significant relationship with
high school outcomes (table A.3). After reducing the dimensionality of
these measures to three indices of student achievement—test scores, be-
havior, and learning skills—we find that student achievement in grades 3–
5 nearly always has a statistically significant effect on high school out-
comes (table 3). For many of the high school outcomes, behavior and
learning skills are as predictive of the outcome as test scores.
These results are consistent with test scores, behavior, and learning

skills each independently affecting long-term outcomes. However, despite
the fact that we control for a wide range of measures of student achieve-
ment, these estimates may be biased because of unobservables. Con-
sequently, these results may not hold in situations in which there is exog-
enous variation in students’ test score, behavior, and learning skills
achievement. To address this concern, we move to a teacher value-added
framework in which omitted variables are less likely to bias the results.

TABLE 2
Correlation of Elementary School Student Achievement Measures

Measure Test Scores Behavior Learning Skills

Test scores 1
Behavior .463 1
Learning skills .532 .550 1

Note.—The sample includes students in grades 3–5 who attended the LAUSD. The unit
of observation is a student–academic year. This table reports the correlations between the
three measures of student achievement for grades 3–5. Each of the three measures of stu-
dent achievement are equally weighted indices. The test score index is computed from the
students’ normalized math and English test scores. The behavior index is computed from
students’GPA, suspensions, log days absent, and not progressing to the next grade on time
(held back). The learning skills index is computed from students’ effort GPA, work and
study habits GPA, and learning and social skills GPA.
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TABLE 3
Relationship between Elementary School Achievement and High School Outcomes

Measure
LAUSD
Dropout

Took
SAT SAT Score GPA

Effort
GPA

Cooperation
GPA

Math
CAHSEE

English
CAHSEE

Days
Suspended

Log
Absences

Held
Back

Test scores 2.032*** .091*** 143.271*** .208*** .103*** .089*** .472*** .398*** 2.009*** 2.112*** 2.052***
(.003) (.004) (2.644) (.004) (.002) (.002) (.006) (.006) (.002) (.005) (.003)

Behavior 2.020*** .028*** 10.826*** .062*** .032*** .030*** .028*** .020*** 2.028*** 2.130*** 2.017***
(.002) (.003) (1.554) (.004) (.002) (.002) (.003) (.003) (.003) (.006) (.002)

Learning skills 2.040*** .068*** 22.393* .228*** .133*** .121*** .045*** .064*** 2.045*** 2.062*** 2.061***
(.002) (.003) (1.290) (.003) (.002) (.002) (.003) (.003) (.003) (.004) (.002)

Observations 134,356 100,691 59,582 321,236 251,460 251,460 160,385 159,911 343,720 302,902 240,204
R2 .421 .179 .686 .321 .315 .326 .572 .577 .045 .281 .134

Note.—The sample includes students in grades 3–5 who attended high school in the LAUSD. The unit of observation is a student–academic year. This
table reports the predictive effect of a standard-deviation increase in each of the three measures of student achievement (see table 2) in grades 3–5 on
high school student outcomes. Specifically, each column of the table reports the coefficients on each of the three achievement measures of students from
an OLS regression of the high school student outcome on the students’ three achievement measures in grades 3, 4, or 5, along with the baseline controls
described in sec. IV.A. The baseline controls include lags of a cubic polynomial of the student’s math test score, English test score, GPA, and effort GPA;
a cubic polynomial of lagged class- and grade-level means of each of those variables; current English-learner status, lagged log days absent, lagged sus-
pensions, lagged being held back, and the class- and grade-level means of these variables. Each of these variables, except English-learner status, is fully
interacted with grade fixed effects, and a control for class size is included. Standard errors clustered at the modal–high school level are reported in
parentheses.
* p < .10.
*** p < .01.



2. Descriptive Relationships in Teacher
Value-Added Data

We compute teacher value-added as described in section IV.A. Table A.4
shows the relationship between the value-added measures. English and
math test score value-added measures are highly correlated. The correla-
tions between test score value-added and all other variables are much
weaker, but test scores are positively correlated with GPA, effort GPA,
and learning skills GPA, which have correlations between 0.14 and
0.20. TheGPA, effort GPA, and learning skills GPA value-added are highly
correlated with one another. The three value-added measures of student
behavior—log absences, days suspended, and being held back—are all
weakly correlated with one another, test scores, and GPA measures. These
correlations suggest that math and English test score measures of teacher
quality are closely related, as are GPA-based measures of teacher quality,
whereas the ability to influence student behavior relates less closely. Ta-
ble 4 shows similar results. The correlation between test score value-added
and behavior value-added is 0.15, the correlation of test score value-added
with learning skills value-added is 0.17, and the correlation of behavior
value-added with learning skills value-added is 0.46.

B. Effects of Teacher Quality on Long-Term Outcomes

1. Single Value-Added Effects

Figures 2–4 show the effect of teachers’ test score, behavior, and learning
skills value-added individually on each high school outcome, conditional
on the set of controls used to compute value-added measures (also see
table A.5 for the results in this subsection reported in a regression table).
The plotted points show the relationship between the mean residualized
outcome and the mean residualized value-added variables (with the

TABLE 4
Correlation of Elementary School Teacher Value-Added (VA) Measures

Grades 3–5 VA Test Score VA Behavior VA Learning Skills VA

Test score VA 1
Behavior VA .145 1
Learning skills VA .174 .459 1

Note.—The sample includes students in grades 3–5 who attended the LAUSD. The unit
of observation is a student–academic year. This table reports the correlations between the
three measures of teacher VA for grades 3–5. Each of the three measures are equally
weighted indices. The test score VA is computed from teachers’ VA for math and English
test scores. The behavior VA is computed from teachers’ VA for GPA, suspensions, log days
absent, and not progressing to the next grade on time (held back). The learning skills VA is
computed from teachers’ VA for effort GPA, work and study habits GPA, and learning and
social skills GPA.
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unconditional mean of the outcome and value-added variables added
back in) for 20 equally sized bins of teacher value-added measures. The
coefficients and standard errors reported in the figures are from an
OLS (ordinary least squares) regression, using themicro data, of the out-
come variable on the value-added variable, conditional on the same set of
controls.
Figure 2 shows that students with better teachers in grades 3–5, as mea-

sured by the test score value-added, score significantly higher on the SAT,
have marginally significantly higher effort GPAs and significantly higher

FIG. 2.—Effect of teacher test score value-added on high school (HS) outcomes. The
sample includes students in grades 3–5 who attended high school in the LAUSD. The unit
of observation is a student–academic year. This figure shows binned scatter plots of
residualized high school outcome variables and normalized teacher test score value-added
for grades 3, 4, or 5. We construct these plots by first residualizing the outcome and teacher
value-added variables using the Xijt controls shown in equation (6). We then plot the mean
values of both variables in 20 equally sized bins. Finally, we add back the unconditional
mean of both variables. We also plot the best linear fit estimated before binning the data
and report its slope coefficient and standard error, clustered at the modal–high school level.
*p < .10; ***p < .01.
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cooperation GPAs, and score significantly higher on the CAHSEEs. We
find no significant effects on dropping out of high school, taking the
SAT, GPA, being held back, log days absent, or being suspended. These
results are consistent with the existing literature, which shows benefits
in adulthood from higher test score value-added teachers, although re-
search that demonstrates positive effects of elementary school teachers
on high school outcomes is rare (Rothstein 2017).
Figure 3 shows the effect of teachers’ behavior value-added on each

outcome. We observe at least marginally statistically significant effects

FIG. 3.—Effect of teacher behavior value-added on high school (HS) outcomes. The
sample includes students in grades 3–5 who attended high school in the LAUSD. The unit
of observation is a student–academic year. This figure shows binned scatter plots of re-
sidualized high school outcome variables and normalized teacher behavior value-added
for grades 3, 4, or 5. We construct these plots by first residualizing the outcome and teacher
value-added variables using the Xijt controls shown in equation (6). We then plot the mean
values of both variables in 20 equally sized bins. Finally, we add back the unconditional
mean of both variables. We also plot the best linear fit estimated before binning the data
and report its slope coefficient and standard error, clustered at the modal–high school level.
*p < .10; **p < .05; ***p < .01.
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in the expected direction on all the outcome variables except SAT score
and English CAHSEE score. This indicates that, in the absence of test
score value-added, having a teacher with a higher behavior valued-added
affects the high school outcomes of students in a meaningful way. Figure 4
shows the effect of teachers’ learning skills value-added on each outcome.
We find less evidence of an effect than for the other two value-added mea-
sures. The coefficient on the learning skills value-added typically has the
expected sign, but theonlymarginally significant effect is ondays suspended.
The confidence intervals are sufficiently small to reject moderate effects,

FIG. 4.—Effect of teacher learning skills value-added on high school (HS) outcomes.
The sample includes students in grades 3–5 who attended high school in the LAUSD.
The unit of observation is a student–academic year. This figure shows binned scatter plots
of residualized high school outcome variables and normalized teacher learning skills value-
added for grades 3, 4, or 5. We construct these plots by first residualizing the outcome and
teacher value-added variables using the Xijt controls shown in equation (6). We then plot
the mean values of both variables in 20 equally sized bins. Finally, we add back the uncon-
ditional mean of both variables. We also plot the best linear fit estimated before binning
the data and report its slope coefficient and standard error, clustered at the modal–high
school level. *p < .10.
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but for several of the outcomes, we cannot reject effects of the same size as
the behavior value-added estimates. These results suggest that elementary
school teachers affect students’ long-term outcomes by increasing student
achievement as measured by both test score and non–test score data.
Comparing the magnitudes across the analyses, we tend to find that

test score value-added has a large effect on outcomes that havemore cog-
nitive content than the behavior or learning skills value-added, whereas
the pattern of results is reversed for outcomes that have more noncog-
nitive content. For example, having a teacher with a standard deviation
higher test score value-added increases the math CAHSEE scores by 0.023
standard deviations, whereas the increase for behavior value-added is 0.014
standard deviations, and the statistically insignificant increase for the learn-
ing skills value-added is 0.004 standard deviations. However, the effect
of having a teacher with a standard deviation higher test score value-
added on days suspended is less than 0.001 days, whereas behavior and
learning skills value-added both reduce days suspended by 0.003, a 2%
decrease.
The test score value-added estimates appear to have two sets of poten-

tial nonlinear effects. First, the effect of test score value-added on all
three GPA measures is positive until teachers become above average,
and then the relationship is, if anything, negative. Second, there is sug-
gestive evidence that the top ventile or two of the test score value-added
distribution has a smaller effect on several outcomes than would be pre-
dicted from the rest of the test score value-added distribution (fig. 2).
Chetty, Friedman, and Rockoff (2014b) find a similar anomaly in their
fourth- to eighth-grade test score value-added results and drop the top
1% of teachers because of evidence of “test manipulation.”We leave those
teachers in, although including them biases the effects of test score value-
added toward zero if “test manipulation” exists. We find less evidence of
nonmonotonicities for both behavior and learning skills value-added,
and outliers in the top ventile are less common. One explanation for this
finding is that, because non–test score value-added measures are con-
structed from student achievement in year t 1 1, teachers are unable to
manipulate their non–test score value-added measures unless they influ-
ence the actions of their students’ teachers in the subsequent year. Sup-
porting this explanation, we find that when figure 2 is recreated with value-
added measures using test scores in year t 1 1 instead of year t (fig. A.3),
these nonlinearities no longer exist.
Taken together, these results suggest that multiple components of

teacher quality affect long-term outcomes. Our findings also indicate that,
in situations in which no test score data are available but other adminis-
trative data such as grades, attendance, suspensions, and being held back
are available, creating estimates of teacher quality that are associated with
long-term benefits to students is possible. Some evidence also suggests
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that non–test score value-added measures calculated with our approach
are less prone to manipulation by teachers, although they might begin
to be manipulated if used in high-stakes settings.

2. Multivariate Value-Added Effects

Now that wehave found that twoof the dimensions of teacher quality affect
high school outcomes, we can determine whether more than one value-
addedmeasure independently affect long-termoutcomes. Significant effects
of more than one value-added measure would suggest that teacher quality
ismultidimensional in a way that bothmatters for long-termoutcomes and
is measurable with a value-added approach. In addition, this analysis in-
forms the extent to which the long-term effects of test score value-added
measures are driven by teachers’ effect on behavior and learning skills.
Table 5 shows the effect that each of the three elementary school value-

added measures has on high school outcomes in an OLS regression in
which all three value-added measures are included simultaneously, along
with the baseline controls (eq. [6]). Including behavior and learning skills
value-added only slightly affects the coefficients on the test score value-
addedmeasures. For example, the coefficient in the SATscore regression
falls from 6.39 to 6.24 SAT points (or is a constant 0.021 standard devia-
tions), the coefficient in themath CAHSEE regression falls from 0.023 to
0.022 standard deviations, and the coefficient in the high school GPA re-
gression falls from 0.004 to 0.002 GPA points. These results indicate that
the long-term effects of test score value-added are likely not driven by
teachers’ effects on students’ behavior and learning skills that are corre-
lated with test score value-added.
The effects of behavior value-added on most outcomes are also not af-

fected substantially by conditioning on the test score and learning skills
value-added. Behavior value-added picks up a dimension of teacher qual-
ity that is largely unrelated to the other two value-added measures and
that matters for long-term outcomes. In addition, table A.6 shows that
there is no evidence of an interaction effect of elementary school teachers’
test score and behavior value-added on students’ high school outcomes,
with coefficient estimates suggesting that any interaction effect is very
close to zero.
Adding the other value-added measures does not affect the evidence

for an independent effect of teachers on long-term outcomes through
learning skills. None of the coefficients on the learning skills value-added
in table 5 are statistically significant. For some of these outcomes, condi-
tioning on test score and behavior value-added results in the learning
skills value-added coefficients no longer having the expected sign. The
confidence intervals often, but not always, exclude effects of the magni-
tude of the coefficients on behavior value-added.
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TABLE 5
Effect of Elementary School Teacher Value-Added (VA) on High School Outcomes

Pooled
Grades 3–5 VA

LAUSD
Dropout

Took
SAT

SAT
Score GPA

Effort
GPA

Cooperation
GPA

Math
CAHSEE

English
CAHSEE

Days
Suspended

Log
Absences

Held
Back

Test score VA 2.002 2.002 6.237*** .002 .003* .005*** .022*** .016*** .001 .001 .001
(.002) (.002) (1.262) (.002) (.001) (.001) (.003) (.002) (.001) (.003) (.001)

Behavior VA 2.003 .010*** 1.955 .013*** .007*** .005** .013** .004 2.003 2.016*** 2.006**
(.002) (.003) (2.139) (.004) (.003) (.002) (.006) (.005) (.002) (.005) (.003)

Learning skills
VA 2.000 2.001 2.547 2.002 2.003 2.003 2.005 .001 2.002 .002 .001

(.002) (.003) (1.756) (.005) (.003) (.003) (.005) (.004) (.002) (.006) (.002)
Observations 135,786 102,517 60,694 293,021 233,078 233,078 152,345 151,820 316,116 277,331 221,757
R2 .293 .145 .617 .244 .234 .239 .500 .512 .040 .267 .108

Note.—The sample includes students in grades 3–5 who attended high school in the LAUSD. The unit of observation is a student–academic year. This
table reports the effect of a standard-deviation increase in the three measures of elementary school teacher VA (see table 4) on students’ high school
outcomes. Specifically, each column of the table reports the coefficients on each of the three normalized measures of teacher VA from an OLS regression
of the students’ high school outcome on the three measures of teacher VA for the students, teachers in grades 3, 4, or 5, along with the baseline controls
described in sec. IV.A. The baseline controls include lags of a cubic polynomial of the student’s math test score, English test score, GPA, and effort GPA;
a cubic polynomial of lagged class- and grade-level means of each of those variables; current English-learner status, lagged log days absent, lagged sus-
pensions, lagged being held back, and the class- and grade-level means of these variables. Each of these variables, except English-learner status, is fully
interacted with grade fixed effects, and a control for class size is included. Standard errors clustered at the modal–high school level are reported in
parentheses.
* p < .10.
** p < .05.
*** p < .01.



Figure 5 shows how the value-added measures affect a number of out-
comes that can be tracked over time, beginning in elementary school.
The effect of test score value-added on test scores shows the expected
pattern of results. Having a teacher with a standard deviation higher test
score value-added has a large effect on math and English test scores in
year zero that largely—but not completely—fades out over the next 7 years.
Behavior value-added and learning skills value-added show less evi-
dence of fade-out, but our approach to constructing these variables
should result in measures with less fade-out than test score value-added.
By measuring behavior and learning skills value-added using the effect
of a teacher this year on student achievement in the next year, we are ef-
fectively removing the first year of fade-out from the estimates. In addi-
tion, because some of the student achievement variables are grades and
students may be graded on a curve, seeing little effect of behavior and
learning skills value-added on GPA measures in year zero would not be
surprising.

FIG. 5.—Dynamic effects of test score, behavior, and learning skills teacher value-added.
The unit of observation is a student–academic year. Each plot shows the effect of test score,
behavior, and learning skills value-added of teachers in grades 3, 4, or 5 on student out-
comes in the concurrent year (the year a student was in a teacher’s classroom) and future
years (the years after a student was in a teacher’s classroom). The estimated effects are ob-
tained by regressing leads of outcome variables on teacher test score, behavior, and learn-
ing skills value-added and the baseline controls as specified in equation (7). The coeffi-
cients on test score, behavior, and learning skills value-added are plotted, along with
95% confidence intervals, with standard errors clustered at the modal–high school level.
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The size of the long-term results can be interpreted using the cross-
sectional relationship between test scores and earnings. Hanushek and
Woessmann (2008) find consistent evidence that, in the cross section, a
1–standard deviation increase in test scores at the end of high school in-
creases earnings by 12% (Mulligan 1999; Murnane et al. 2000; Lazear
2003). Chetty, Friedman, and Rockoff (2014b) find a similar relationship
in the cross section for fourth- to eighth-graders. They also show that, with
direct estimates, a 1–standard deviation increase in test score value-added
increases earnings by approximately 1.3%. When using the cross-sectional
relationship, they estimate that a 1–standard deviation increase in test
score value-added increases earnings by a similar amount, 1.5%.Using this
cross-sectional relationship and our estimated effect of teachers on con-
temporaneous test scores, we estimate effects on earnings of approxi-
mately the same size as or larger than those of Chetty, Friedman, and
Rockoff (2014b). If we instead use the effect on high school test scores
of having a teacher with a standard deviation higher test score value-
added in elementary school, the estimated increase in earnings is 0.23%.
This much smaller effect is likely driven by the substantial fade-out in the
effect of teachers on test scores over time.
Combined, these results indicate that teacher quality is multidimen-

sional in a way that matters for long-term outcomes. Importantly, this
multidimensionality can be measured with a combination of test scores
and other data that schools routinely collect.

C. Teacher Selection Policies

Policies that use teachers’ test score value-added to hire, fire, or incentiv-
ize teachers have been widely criticized because making decisions using
only one (potentially gameable) dimension of teacher quality is consid-
ered unfair or even counterproductive. However, the effect on long-term
outcomes of having higher test score and behavior value-added teachers
implies that policies that shift the distribution of teacher quality upward
in these dimensions benefit students. In comparison to just using test
score value-added, we show that using multiple dimensions of teacher
quality in teacher removal policies substantially improves the measure-
ment of teacher quality and students’ long-term outcomes.
Figure 6 shows scatter plots of teacher quality as measured by value-

added in a given year. The dashed lines show the 5th percentile of teach-
ers for a given value-added measure. The first panel plots test score and
behavior value-added and shows that, although both dimensions of
teacher quality are positively correlated, the correlation is relatively weak,
and some teachers who perform poorly as measured by test score value-
added perform well on the behavior value-added dimension. For exam-
ple, the majority of teachers who are in the bottom 5% of teachers as
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measured by the test score value-added are not in the bottom5%of teach-
ers as measured by the behavior value-added. Therefore, a linear combi-
nation of a teacher’s value-added measures might be a better predictor
of teacher quality and a better measure for teacher removal policies.
One way to assess the value of using multiple measures of teacher qual-

ity is to ask to what extent students’ long-term outcomes could be im-
proved under a policy that replaces a school district’s bottom5%of teach-
ers with average teachers as measured by only test score value-added
versus different linear combinations of the three value-added measures.
Panel A of table 6 shows the effect on a student’s high school outcomes
of being assigned an average teacher instead of a teacher in the bottom
5% of teachers as measured by a teacher’s true value-added (realized
value-added ex post,�njt). This panel shows the upper bound on the effects
of the teacher removal policy. The simulation uses estimated effects of
teacher value-added on high school outcomes (figs. 2–4; table 5) and the
within-teacher correlations between the three teacher value-added mea-
sures (table 4). Standard errors for the estimated forecasts are shown in
parentheses.

FIG. 6.—Two-dimensional cross-teacher value-added plots. The first scatter plot shows
a plot of elementary school teachers’ annual, normalized test score and behavior value-
added within 3 standard deviations of the mean. The dashed lines show the cutoffs for
the 5th percentile of the teacher test score and behavior value-added. The second and
third scatter plots are constructed analogously for test score value-added versus learning
skills value-added and behavior value-added versus learning skills value-added, respectively.
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Each cell in row 1 shows the effect on students’ high school outcomes
if their bottom 5% test score value-added elementary school teachers
were replaced by average teachers. For example, the students whom the
policy would affect (about 5%) would see their SAT scores increase by
13 points and their high school GPA increase by 0.008 points. Row 2
shows the effect on students’ high school outcomes if their bottom 5%
behavior value-added elementary school teachers were replaced by aver-
age teachers. The benefits from using behavior value-added are compara-
ble to those from using test score value-added, and in some cases, the ben-
efits are larger.
Row 3 uses the average of teachers’ test score and behavior value-added.

When this combined measure is used, students affected by the policy
would see beneficial effects on all but one of the high school outcomes.
Row 5 shows the percent change in students’ outcomes if the replace-
ment of the bottom 5%of teachers uses the average of teachers’ test score
and behavior value-added instead of only teachers’ test score value-added.
There is over a 100% increase in the beneficial effects for students mea-
sured by high school dropout rate, taking the SAT, GPA, effort GPA, days
suspended, log absences, and being held back. Importantly, these gains
are accompanied by only small decreases in English CAHSEE scores and
SAT scores.
Row 4 uses amaximization procedure to choose the optimal weights to

be placed on a linear combination of teachers’ test score, behavior, and
learning skills value-added to determine the bottom 5% of teachers for
the indicated outcome variable. The optimal weights vary, depending
on the outcome variable, so simultaneously improving all outcomes by
the calculated amount would not be possible. However, for most of the
outcomes, a policy that uses the optimal weights for a particular outcome
only slightly outperforms a simple policy that places equal weight on test
score and behavior value-added.
Panel B of table 6 shows analogous results using teachers’ estimated

value-added based on the three previous years of student data. These re-
sults reflect the potential student gains if the teacher removal policy were
to be implemented for teachers who had taught for 3 years. Similar to
panel A, student gains can be obtained if both test score and behavior
value-added are used to make the teacher removal decision. Because the
autocorrelation between years for the behavior measure is smaller than
that for the test score measure (fig. A.4), the percent gain from using both
value-added measures instead of just the test score value-added is smaller.
These results suggest that the dimensions of teacher quality captured

by behavior value-added are roughly as important for long-term outcomes
as test score value-added and, in combination, can benefit students. Most
of these benefits do not require new tests or assessments—only a new
use for data that schools already collect.
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TABLE 6
Effect of Replacing the Bottom 5% of Elementary School Teachers on High School Outcomes

Pooled
Grades 3–5 VA

LAUSD
Dropout

Took
SAT

SAT
Score GPA

Effort
GPA

Cooperation
GPA

Math
CAHSEE

English
CAHSEE

Days
Suspended

Log
Absences

Held
Back

A. Using True VA

1. Test score VA 2.004 2.002 13.176*** .008* .005* .009*** .048*** .035*** 2.000 2.003 .001
(.003) (.004) (2.257) (.005) (.003) (.003) (.005) (.005) (.003) (.005) (.002)

2. Behavior VA 2.007* .019*** 5.446 .026*** .013*** .008* .028** .014 2.007** 2.031*** 2.011**
(.004) (.006) (4.531) (.008) (.005) (.004) (.011) (.009) (.003) (.010) (.005)

3. (1/2) (test score 1
behavior) 2.008* .012** 12.280*** .023*** .012*** .012*** .050*** .033*** 2.004 2.022** 2.007

(.004) (.005) (3.965) (.007) (.004) (.004) (.009) (.008) (.003) (.009) (.004)
4. Optimal three VA 2.008 .019*** 13.733*** .027*** .014*** .013*** .053*** .036*** 2.008 2.031*** 2.011*
5. Weighted average (.006) (.007) (3.144) (.009) (.005) (.004) (.008) (.007) (.005) (.011) (.005)
6. % Gain
(row 1–row 3) 121 2001 27 200 129 34 4 26 2001 2001 2001

B: Using Previous 3 Years of Student Data

1. Test score VA 2.002 2.001 7.688*** .004* .003* .005*** .028*** .020*** 2.000 2.002 .000
(.002) (.002) (1.317) (.003) (.002) (.001) (.003) (.003) (.002) (.003) (.001)

2. Behavior VA 2.001* .003*** .968 .005*** .002*** .001* .005** .003 2.001** 2.006*** 2.002**
(.001) (.001) (.805) (.001) (.001) (.001) (.002) (.002) (.001) (.002) (.001)

3. (1/2) (test score 1
behavior) 2.003 .001 6.463*** .006** .004*** .005*** .024*** .017*** 2.000 2.004 2.001

(.002) (.002) (1.371) (.003) (.002) (.001) (.003) (.003) (.001) (.003) (.002)
4. Optimal three VA 2.003 .003*** 7.688*** .006** .004*** .005*** .028*** .020*** 2.002 2.006*** 2.002**
5. Weighted average (.002) (.001) (1.317) (.003) (.002) (.001) (.003) (.003) (.001) (.002) (.001)
6. % Gain
(row 1–row 3) 29 2001 216 36 24 20 215 215 142 95 2001
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Note.—The sample includes students in grades 3–5 who attended high school in the LAUSD. The unit of observation is a student–academic year. Panel A
shows the effect on a student’s high school outcomes of being assigned an average teacher instead of a teacher in the bottom 5%, as measured by the teacher
value-added (VA) variable indicated in each row. The simulation uses the estimated effects of teacher VA measures on high school outcomes (from figs. 2–4
and table 5) and the within-teacher correlations between the three teacher VA measures (shown in table 4) and assumes that teacher VA measures are nor-
mally distributed. Row 1 in panel A uses a measure of teachers’ test score VA to replace the bottom 5% of teachers. Therefore, each cell in row 1 shows the
effect on a student’s high school outcome (shown in the column) if she were to move from a teacher in the bottom 5% of test score teacher VA to an average
teacher. Row 2 of panel A shows the improvement in outcomes for a move from a teacher in the bottom 5% to an average teacher, as measured by behavior
VA. Row 3 of panel A uses the average of teachers’ test score VA and their behavior VA. Row 4 of panel A uses a maximization procedure to choose the optimal
weights to be placed on teachers’ test score, behavior, and learning skills VA to determine the bottom 5% of teachers for the indicated outcome variable.
Row 5 of panel A shows the percent improvement in students’ outcomes if the replacement of the bottom 5% of teachers uses the average of teachers’ test
score and behavior VA instead of just teachers’ test score VA. Panel B shows analogous results for teachers’ VA based on only the three previous years of stu-
dent data. These VAmeasures are estimated from three prior years of data on each teacher, along with the autocorrelations in teachers’ VA across years shown
in fig. A.4. The standard errors on the estimated forecast are shown in parentheses.
* p < .10.
** p < .05.
*** p < .01.1087



D. Which Behaviors Matter for Long-Term Outcomes?

Behavior value-added includes several weakly correlated value-added
measures, some of whichmaymattermore than others for long-term out-
comes. A straightforward way to assess which variables matter most is to
regress high school outcomes on the full set of value-added measures
that we use to construct the lower-dimensional representation of teacher
quality plus the usual set of controls.
We regress each outcome on each component of test score, behavior,

and learning skills value-added, conditional on our baseline controls, so
each cell in table A.7 is from a separate regression. The test score value-
addedmeasures have significant effects on SAT taking, the GPAmeasures,
and CAHSEEs. GPA value-added has significant effects on SAT taking and
the English CAHSEE and an effect similar in magnitude but insignificant
on the math CAHSEE. Two other components of behavior value-added,
absence and suspension value-added, have significant effects on outcomes
with both cognitive and noncognitive content. There is less evidence of an
effect of held-back value-added, but the held-back confidence interval gen-
erally cannot reject effects of themagnitude of the coefficients on absence
or suspension value-added. We generally do not see evidence of an effect
of the various components of learning skills value-added. The coefficients
typically have the expected sign, but the only significant effect is of effort
GPAonSAT taking.These estimates are somewhat less precise than the test
score value-added results, and we often cannot reject effects of the magni-
tude of the test score effects, although the estimates tend to be slightlymore
precise than the coefficients on absences and days-suspended value-added.
If we instead include all value-addedmeasures at once, we find broadly sim-
ilar effects, except that interpreting the test score and GPA value-added re-
sults ismore difficult because the test score value-addedmeasures are highly
correlated, as are the GPA-based value-added measures (table A.8). The re-
sults suggest that the behavior value-added results are driven primarily by
teachers’ effects on suspensions and absences.
Another way to illustrate this is to move GPA value-added from behav-

ior to learning skills value-added and conduct the main analysis again.
The new behavior value-added constructed only from absences, suspen-
sion, and being held back has a significant ormarginally significant effect
in the expected direction on six high school outcomes (table A.9). The
new GPA-based value-added has only a marginally significant effect on
taking the SAT. The point estimates of the GPA-based value-added are of-
ten smaller than the significant effects of the other value-added mea-
sures, although the confidence intervals generally cannot reject effects
of the magnitude of the behavior value-added estimates.
These results suggest multiple dimensions through which teachers af-

fect long-term student outcomes, one that is closely related to increased
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performance on tests and others related to reduced absences and suspen-
sions. The abilities reflected in achievement GPA, effort GPA, and learn-
ing skills GPA matter for long-term outcomes, but the portion of these
abilities that teachers are able to affect is largely captured by test scores
and the ability to keep the students in the classroom.10

From a policy perspective, these results suggest that finding ways to
keep children in the classroom may have large benefits; for example,
the effect of reducing absence value-added on SAT scores is about the
same size as the sum of the effects of the two test score value-added mea-
sures. There is also little evidence that a lack of on-time progression in
elementary school results in worse high school outcomes, although our
held-back value-added measure may be less informative than our other
value-addedmeasures becausemost elementary school students progress
on time to the next grade.

E. Checking for Bias in Long-Term Effects

We conduct three analyses to look for evidence of bias in the estimates of
the long-term effects of teachers. Consistent with the Chetty, Friedman,
and Rockoff (2014a) results for fourth- to eighth-grade test score value-
added,most tests show no evidence of bias, and themagnitude of the bias
in the remaining tests is sufficiently small that it does not substantially af-
fect our conclusions.
First, we show that the value-added measures are forecast unbiased.

Specifically, all but one of the leave-year-out value-added variables cause
an increase in the corresponding residualized achievement variable that
is statistically indistinguishable from 1 (table A.11). Although this is a weak
test, failing this test would be problematic. Only math test scores are sta-
tistically different from 1, for which a 1-unit increase in the math test
score value-added causes a 0.99 standard deviation increase in math test
scores. The confidence intervals are relatively tight for most outcomes,
although absences, suspensions, and being held back are exceptions.
Second, we show that, after conditioning on the main controls, students

expected to perform better in elementary school on the basis of their
twice-lagged values of achievement are largely not sorting to higher
value-added teachers. The estimated forecast bias from selection on student
characteristics is between 21.6% and 1.3%, which is smaller than the
Chetty, Friedman, and Rockoff ’s (2014a) point estimate of 2.2% for test
score value-added (Rothstein 2007). The forecast bias is only marginally

10 We also check how the results are affected by including GPA in test score value-added
rather than in behavior value-added. The results are quite similar to those of our baseline
specification, although the effect of behavior value-added on SAT and grade retention is
about half as large, and the estimates are marginally significant and not statistically signif-
icant, respectively (table A.10).
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significant for GPA, with a point estimate of 1.3% (table A.11). An analo-
gous calculation using predicted high school outcomes from the twice-
lagged values of the control variables shows no evidence of upward bias.
The only significant point estimates are for behavior value-added, but each
suggests that better students are sorted to worse teachers (table 7).
Third, we aggregate these data to the school-grade-year level and esti-

mate long-term effects using quasi-experimental variation in teacher
value-added caused by teachers switching between grades or schools. The
analysis removes variation in teacher value-added caused by students sort-
ing to teachers within a grade. Following Chetty, Friedman, and Rockoff
(2014b), we regress changes in school-grade-year high school outcomes
on changes in the mean teacher value-added weighted by the number of
students.11 Table A.12 shows that the signs on the estimated coefficients
are generally consistent with the main results in table 5, and the point es-
timates tend to be larger. However, the estimates aremuch less precise. De-
spite this loss in statistical power, we observe a significant effect of test score
value-added onmath CAHSEEs and either significant or marginally signif-
icant effects in the expected direction of behavior value-added for the
three GPA outcomes. As in themain table, learning skills value-added is of-
ten wrong-signed and for someoutcomes is statistically significant.Overall,
these tests show little evidence that unobservably better students sort to
higher value-added teachers (i.e., that the key student sorting assumption
in section IV.B is violated).

F. Robustness Checks

We conduct a number of robustness checks, in which we look at additional
high school outcomes, use alternative approaches to constructing the
value-added measures, estimate the long-term effects using different spec-
ifications, add controls for tracking, estimate a model that is robust to dy-
namic selection, and adjust for multiple hypothesis testing. The results of
these robustness checks are qualitatively consistent with the main results.

1. Additional Outcomes

Table A.13 reports the effect of teacher value-added on additional high
school outcomes, such as graduating from the LAUSD if enrolled in the
LAUSD in twelfth grade, taking the PSAT, PSATscore, eleventh-grade En-
glishCSTscore (the last grade inwhich theCST is administered), eleventh-
grademath CSTscore, eighth-grade science CSTscore, tenth-grade science

11 The sample is limited to cases in which we have value-added measures for all teachers
in a given school-grade in two consecutive years, to the subset of students for which we have
both the long-term outcome variable and a teacher value-addedmeasure, and to value-added
measures that can be computed leaving out both year t and t 2 1.
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TABLE 7
Effect of Elementary School Teacher Value-Added (VA) on Predicted High School Outcomes

Pooled
Grades 3–5 VA

LAUSD
Dropout

Took
SAT

SAT
Score GPA

Effort
GPA

Cooperation
GPA

Math
CAHSEE

English
CAHSEE

Days
Suspended

Log
Absences

Held
Back

Test score VA .000 .000 .423 .000 .000 .000 .000 .000 .000 .000 .000
(.000) (.001) (.982) (.001) (.001) (.001) (.002) (.002) (.000) (.001) (.000)

Behavior VA .001* 2.001* 22.024* 2.003** 2.002** 2.001** 2.007** 2.006*** .000** .002* .001*
(.000) (.001) (1.030) (.001) (.001) (.001) (.003) (.002) (.000) (.001) (.000)

Learning skills VA .000 .000 .229 .000 .000 .000 2.001 .001 .000 .001 .000
(.001) (.001) (1.128) (.001) (.001) (.001) (.003) (.003) (.000) (.001) (.000)

Observations 66,354 50,137 29,269 158,327 123,347 123,347 78,651 78,434 169,929 149,194 117,763
R2 .962 .709 .750 .681 .665 .666 .702 .750 .764 .833 .737

Note.—The sample includes students in grades 3–5 who attended high school in the LAUSD. The unit of observation is a student–academic year. This
table reports the effect of a standard-deviation increase in the three measures of elementary school teacher VA (see table 4) on students’ predicted high
school outcomes, using double-lagged student achievement. The predicted outcomes are created by estimating an OLS regression of the high school
outcome indicated in each column on a cubic polynomial of double-lagged (year t 2 2) math and English test scores, GPA, effort GPA, learning skills
GPA, log absences, an indicator for suspension, an indicator for being held back, and an indicator of English-learner status. The coefficients obtained
from this OLS regression are then used to predict students’ high school outcomes. Each column of the table reports the coefficients on each of the three
normalized measures of teacher VA from an OLS regression of the students’ predicted high school outcome on the three measures of teacher VA for the
students’ teachers in grades 3, 4, or 5, along with the baseline controls described in sec. IV.A. The baseline controls include lags of a cubic polynomial of
the student’s math test score, English test score, GPA, and effort GPA; a cubic polynomial of lagged class- and grade-level means of each of those variables;
current English-learner status, lagged log days absent, lagged suspensions, lagged being held back, and the class- and grade-level means of these variables.
Each of these variables, except English-learner status, is fully interacted with grade fixed effects, and a control for class size is included. Standard errors
clustered at the modal–high school level are reported in parentheses.
* p < .10.
** p < .05.
*** p < .01.



CSTscore, eighth-grade social studies CSTscore, eleventh-grade social stud-
ies CST score, world history CST score, and the number of AP courses. We
see significant or marginally significant effects of test score value-added on
all outcomes except LAUSD graduation and taking the PSAT. Test score
value-added affects test score outcomes by between 0.013 and 0.018 stan-
dard deviations and does not vary noticeably by subject. Having a higher
test score value-added teacher in elementary school increases the long-term
performance across a number of subjects, not just English and math. The
coefficients on behavior value-added are typically of the expected sign but
are only marginally significant for one outcome, whereas the coefficients
on the learning skills value-added are typically wrong-signed and are statis-
tically significant for one outcome.
We also check whether the graduation results are robust to coding stu-

dents as not graduating if they reached twelfth, eleventh, tenth, or ninth
grade without having a recorded graduation status. We find slight in-
creases in the effect of teacher value-added on graduation, but the esti-
mates remain small and are not statistically significant (table A.14).

2. Alternative Value-Added Measures

We now show that the results are robust to a number of changes to our
approach to computing the value-added indices and estimating the
long-term effects. The main results are larger and more often statistically
significant if we follow Chetty, Friedman, and Rockoff (2014b) when
computing value-added measures by residualizing the achievement data
using within-teacher variation in the controls (table A.15). The effects are
even larger if we use Chetty, Friedman, and Rockoff ’s (2014b) approach
to computing long-term effects by residualizing the outcome variables us-
ing within-teacher variation in the controls and then regressing the
residualized high school outcomes on teacher value-added with no con-
trols (table A.16). There is also more evidence of an effect of learning
skills value-added on long-term outcomes, including significant effects
in the expected direction on dropout rate and marginally significant ef-
fects on SAT score and English CAHSEE score.
We also estimate the effect of teachers on long-term outcomes using

grade-specific measures of teacher value-added that should reduce mea-
surement error due to grade-specific components of teacher value-added
(table A.17).12 The point estimates generally increase and are newly sig-
nificant for some outcomes, although the effect of behavior value-added
on taking the SAT is no longer statistically significant.

12 We find that while the teacher value-addedmeasured for the same teacher in different
grades is closely related, the slope is well below 1 (fig. A.5).
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The main results are essentially unchanged if we use factor analysis to
construct the three indices for teacher quality (tables A.18, A.19) and
weaker for the non–test score factor if we use exploratory factor analysis
to construct two orthogonal factors (tables A.20, A.21). Alternatively, af-
ter behavior value-added is removed from the main analysis, learning
skills value-added has fewer wrong-signed coefficients (table A.22). This
suggests that part of the reason for the unintuitive results for learning
skills value-added is that behavior value-added and learning skills value-
added are moderately correlated. Additionally, we convert the test score
value-added into deciles and test score outcomes into percentiles, which
means that weuse ordinal, rather than cardinal,measures of teacher value-
added and test score outcomes. We continue to find significant effects of
test score value-added on CAHSEE test scores and significant or margin-
ally significant effects of behavior value-added on taking the SAT, math
test scores, absences, and being held back (table A.23).
Finally, we test the sensitivity of our results to using year t 1 1measures

of the behavior and learning skills to estimate behavior and learning skills
value-added. First, we reestimate test score value-added using year t 1 1
test scores, and then we replicate our main results from table 5 using test
score, behavior, and learning skills value-added, all estimated using year
t 1 1 measures. Generally, we find that long-term effects of test score
value-added are larger when estimated with t 1 1 data than with year t
data. There are also slight decreases in the effect of behavior value-added
on some long-term outcomes (table A.24). We also reestimate behavior
and learning skills value-added using year t data rather than year t 1 1.
The test score value-added measures are essentially unchanged, while
the estimates of behavior value-added are generally smaller and the ef-
fects on SAT taking, math test scores, and grade retention are no longer
statistically significant. However, there are still significant or marginally
significant effects on the three GPA measures and log days absent. Inter-
estingly, the learning skills estimates tend to be slightly larger in absolute
value, and the results suggests that higher learning skills value-added
leads to significantly or marginally significantly worse results for six high
school outcomes (table A.25).

3. Additional Robustness Checks

We also check whether our results are sensitive to using GPAmeasured in
z-scores, rather than grade points, both when computing value-added
scores and as long-term outcomes (table A.26). Converting the GPAmea-
sures to z-scores before estimating teacher value-added had no effect on
the relationship between the teacher value-added indices and the GPA out-
comes measured in grade points. The statistical significance of GPA out-
comes in standard-deviation units is the same as when they are measured
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in grade points. The change in magnitudes is what would be expected,
given the standard deviation of the high school outcomes reported in
table 1.
Another concern with our interpretation of the results is that the effect

of teacher value-added on long-term outcomes could be driven by the
direct effect of teacher actions such as suspensions or retaining a student
on both teacher value-added and the student’s long-term outcomes. While
this is likely happening to some degree, it is unlikely that this effect is large
enough to influence our main results, because both types of events are
rare for elementary school students. In any given year, only about 0.7%
of elementary school students are held back, and the average elementary
school student is suspended for 0.05 days (table 1). To check the magni-
tude of this effect, we replicate our main results excluding students who
were held back or suspended. We find only slight changes in our results
(table A.27). The magnitudes are very similar to the baseline results in ta-
ble 5, and there are onlyminor changes in the statistical significance of the
coefficients of interest. This suggests that the direct effect of suspension
and grade retention plays a small role in our estimated results.

4. Tracking and Dynamic Selection

In this section, we first address the possible effect of selection due to
tracking inmiddle and high school and then estimate amodel that allows
for dynamic selection. During the period we use to calculate value-added
scores, students are tracked in math classes starting in eighth grade, they
have the opportunity to take more advanced English classes starting in
eleventh grade, and they may take elective English courses in both mid-
dle and high school. To the extent that our interest is in estimating the
benefit to an individual elementary school student of being shifted into
a higher value-added teacher’s classroom, which is the estimated benefit
a parent would want to know, our estimates are not biased by future track-
ing. Additionally, if a better teacher in elementary school results in a stu-
dent being prepared to take rigorous courses in high school or increases
the quality of the student’s peers by directly increasing the peers’ perfor-
mance, we view that as an outcome of interest rather than a source of bias.
This is particularly true in the LAUSD, where a large number of students
struggle in rigorous coursework and do not progress from ninth to tenth
grade on time. However, some benefits of a better elementary school
teacher are zero-sum, so our estimates may be too large for certain policy
experiments.
To help address this concern, we reestimate our main results from

table 5 after adding controls for tracking by including fixed effects for
the number of future middle and high school English electives, English
helper classes, English AP classes, math classes on each of the three math

1094 journal of political economy



pathways, math helper or below-grade-level classes, and AP math courses.
Including these controls likely results in overcontrolling for tracking. We
find that the effect of a better teacher in elementary school on most high
school outcomes falls slightly and that the statistical significance of the es-
timates is generally unaffected (table A.28). For example, the effect of test
score value-added on math CAHSEE scores falls from 0.22 to 0.20. Two
exceptions to this pattern are the effect of test score value-added on drop-
ping out of the LAUSD, which becomes marginally significant, and the ef-
fect of test score value-added on effort GPA, which is no longer marginally
significant. Additionally, figure 5 provides some evidence that tracking is
not driving our results. Tracking starts 3–5 years after the current year
for math and 5–8 years after the current year for English. There do not ap-
pear to be appreciable changes in figure 5 in the effects of a better teacher
in the posttracking years. Finally, there is also little evidence that teacher
value-added in grades 3–5 affects whether students leave the school district
in subsequent years (fig. A.6).
Tracking and attrition are forms of a more general type of dynamic se-

lection problem potentially present in our setting. Even if student assign-
ment to teachers is conditionally independent of unobservables, being
assigned to a good teacher may improve students’ performance and re-
sult in their being assigned to better teachers in the future. This type
of selection could ultimately improve their high school outcomes or re-
duce the probability that they leave the LAUSD. Epidemiologists face a
similar dynamic selection problem because the treatments they study
can affect participants’ inclusion in the sample as well as subsequent
treatment via the effect of the treatment on their control variables. Epi-
demiologists have developed a set of approaches to estimate treatment
effects in the face of this problem, utilizing tools such as inverse probabil-
ity weighting or parametric estimation to construct pseudopopulations
where the controls do not affect future treatment and to simulate coun-
terfactual treatment strategies (Hernán and Robins 2020). We apply this
type of empirical method in our setting, following Robins (1986), to esti-
mate the effect of teacher value-added on high school outcomes using
student panel data from grades 3–5 and 3–12. We use the resulting esti-
mates to simulate the effect of having a standard deviation better teacher
from third to fifth grade on high school outcomes.13

The first panel of table A.29 shows the effect of having a teacher with a
standard deviation better test score and behavior value-added in grades 3–
5, estimated using the panel of grade 3–5 data. If there were constant
returns to having better teachers in grades 3–5, we would expect the es-
timates in the first panel of table A.29 to be three times as large as those

13 We use the particular application of Robins (1986) fromDaniel, De Stavola, andCousens
(2011).
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in table A.5. That is approximately what we find, and the statistical sig-
nificance of the estimates, computed by bootstrapping, is similar to that
in themain results. The second panel of table A.29 shows the same treat-
ment effects estimated using a panel of grade 3–12 data. The results for
test score value-added are similar. For behavior value-added, there is a
reduction in dropping out but no statistically significant improvements
in the other outcomes. The reduction in dropping out is reasonably
large and will tend to reduce the effect of behavior value-added on other
outcomes if the students induced not to drop out performworse in school
than other students. These results suggest that the effect of test score value-
added on high school outcomes is robust to accounting for dynamic selec-
tion. The evidence that elementary school behavior value-added affects
outcomes like test scores and grades is robust to accounting for dynamic
selection in elementary school. Additionally, improved behavior value-
added has benefits in terms of reduced dropout rate even after account-
ing for dynamic selection in high school.

5. Multiple-Hypothesis Testing

In this section, we use several approaches to check whether the statistical
significance of the results is robust to adjusting for multiple-hypothesis
testing. For the first approach, we construct indices of three families of
outcomes: test scores (math and English CAHSEE),14 GPA (GPA, effort
GPA, and cooperation GPA), and behaviors (taking SAT, days suspended,
log absences, and being held back). This approach greatly reduces the
number of hypotheses tested,makes use of the information in all our out-
comes, and is much less computationally intensive than other methods.
Table A.30 shows the effect of each value-added measure on these three
indices. Test score value-added significantly affects the test score andGPA
indices, behavior value-added significantly affects all three indices, and
learning skills value-added has no significant effect on these outcomes.
These results suggest that the long-term effects of teachers are robust
to reducing the number of hypothesis tests. We also apply the index ap-
proach to our main specification in table 5, where we include all three
measures of teacher value-added simultaneously, and find similar results,
except that the effect of behavior value-added on the test score index is
not statistically significant (table A.31).
Next, we use a number of methods to adjust for multiple-hypothesis

testing for each of our independent variables of interest. We recomputed
the p-values using the Bonferroni-Holm, Sidak-Holm, and Romano-
Wolf step-down methods, along with the Westfall and Young (1993)

14 We do not include the SAT score because it would either make our sample much
smaller or require us to impute an SAT score for a large fraction of students.
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algorithm.15 We grouped the outcomes into three families of hypothesis
tests: test scores, grades, and all other outcomes. We then adjusted for
multiple-hypothesis testing within each family and independent variable
of interest. Table A.32 shows the results for each of these four approaches
(using 10,000 bootstrap draws where applicable). The p-values for test-
score value-added increase; however, the statistical significance of the
results is generally robust to allowing for multiple-hypothesis testing, al-
though effort GPA is no longer marginally significant under most adjust-
ments. Similarly, for behavior value-added, the statistical significance of
the results is generally robust to these approaches, with the exception that
the effect on math test scores is now generally only marginally significant
and that of being held back is generally statistically insignificant.
If instead of adjusting for multiple-hypothesis tests by family we adjust

across all outcomes, the statistical significance of test score value-added is
the same as that using p-values adjusted within family (table A.33). For be-
havior value-added, the effects on math test scores and cooperation GPA
are no longer significant or marginally significant. The other outcomes
that were statistically significant remain at least marginally significant. We
also recomputed p-values for the index outcomes, allowing for multiple-
hypothesis testing across all three outcomes. The statistical significance
is unaffected, except that the p-values for test score value-added on GPA
are only marginally significant for some adjustments (table A.33).
Broadly, these results show that we detect long-term, significant effects

of having a teacher with a higher test score value-added and a higher
behavior value-added and that our results are not driven by multiple-
hypothesis testing. However, the significance of some individual outcomes
is not robust to these adjustments. Notably, the evidence that behavior
value-added has long-term effects on test scores, conditional on test score
value-added, is weaker, although behavior value-added still significantly
affects other outcomes.

VI. Applications of Non–Test Score Measures

In this section, we demonstrate that non–test score measures of achieve-
ment are useful for answering additional questions related to the effects
of teachers on students. We first examine teacher effects over the educa-
tional life cycle and ask to what extent there could be gains from moving
high value-added teachers between grades and what are the cumulative
benefits from increasing teacher quality. We then take the approach used
to construct non–test score value-addedmeasures to compute GPA value-
added for specific subjects in order to test the long-term value of having
a better teacher in different subjects.

15 We use code from Jones,Molitor, andReif (2019) andClarke, Romano, andWolf (2020).

impact of teachers on students 1097



A. Effects of Teacher Quality over the Educational
Life Cycle

The approach in this analysis is to compute the test score and behavior
value-added for teachers in grades 3–12 and ask how having a standard
deviation better teacher in each grade affects outcomes as measured
in eleventh or twelfth grade.16 We do not compute learning skills value-
added because we do not have learning skills data for middle and high
school students. Previous work on teacher effects by grade has estimated
the effects of test score value-added for grades 4–8 (Chetty, Friedman,
and Rockoff 2014b) and test score and non–test score value-added for
grade 9 ( Jackson 2018).
Figure 7 reports the results of this analysis for outcome variables mea-

sured as late as possible in a student’s career. In each graph, we also re-
port the sumof the coefficients across all grades.With some assumptions,
particularly no tracking of students and no diminishing returns to having
consecutive high-quality teachers (Kinsler 2016), this sum reflects an up-
per bound on the cumulative effect of having a teacher with a standard
deviation higher test score or behavior value-added in each grade from
the third through the twelfth grade. If tracking students plays a large role,
or if diminishing returns exist, this sum overestimates the cumulative ef-
fect and is an upper bound. However, Chetty, Friedman, and Rockoff
(2014b) find evidence for only a small amount of tracking, conditional
on controls for lagged achievement in grades 4–8, and we include a ro-
bustness check that directly controls for tracking.
We find that having a teacher with a standard deviation higher test

score value-added in grades 3–12 has a beneficial effect on taking the
SAT, SATscores, and math and English test scores. The cumulative effect
for each of these outcomes is quite large. Using the cross-sectional rela-
tionship between test scores and earnings and the cumulative effects
on math and English tests scores, having a teacher with a standard devi-
ation higher test score value-added in each grade increases a student’s
adult earnings by 2.7%–5.2%.
We also find that having a teacher with a standard deviation higher

behavior value-added in grades 3–12 has a large beneficial effect on
dropping out of high school, graduation, taking the SAT, the three GPA
measures, absences, suspensions, and grade retention. For example, the
cumulative effects suggest that having a teacher with a standard deviation
higher behavior value-added in each grade decreases the likelihood of
dropping out of high school by 9.0 percentage points. Once adjusted for
dropping out of high school being overestimated because of students leav-
ing the LAUSD, this effect is still a 5.9 percentage point decrease.

16 We cannot compute teacher value-added in twelfth grade, so value-added measures
for teachers in twelfth grade use estimates of teacher quality in earlier grades.
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We also show that the magnitude of the cumulative effects of better
teachers in figure 7 is not driven by tracking. We reestimate the value-
added scores for middle and high school teachers after adding controls
for contemporaneous tracking. Then we reestimate the grade-by-grade
effects in elementary school, controlling for future tracking. For middle
and high school grades, we use the value-added measures estimated with
tracking controls, and when estimating the effect of teacher value-added
on longer-term outcomes, we include controls for contemporaneous
tracking (fig. A.7). We control for future tracking using the same ap-
proach as in table A.28 and control for contemporaneous tracking with

FIG. 7.—Effects of test score and behavior teacher value-added by grade. The sample in-
cludes students in grades 3–12 who attended high school in the LAUSD. The unit of ob-
servation is a student–academic year. The figure shows plots of the effect of test score
and behavior teacher value-added on high school (HS) outcomes by the grade level of the
student. The plotted coefficients and standard errors (clustered at the modal–high school
level) are from a regression of the high school outcome variable on teacher test score and
behavior value-added, and the vector of controls for high school students specified in sec-
tion IV.A, estimated separately for each grade.
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fixed effects for the number of English electives, English helper classes,
English AP classes, classes on each of the threemath pathways, math helper
or below-grade-level classes, and AP math classes in each year. The effects
of a better teacher on eachoutcome are generally smaller than those infig-
ure 7, but only slightly, and our conclusions are unaffected. For example,
cumulative effects on SAT taking fall from 8.1 and 8.4 percentage points
for test score and behavior value-added to 7.8 and 7.7 percentage points,
respectively.
We reestimate the cumulative effects using an alternative approach

where we compute the average test score and behavior value-added for
each student’s teachers across grades 4–11 and then regress the outcomes
reported in figure 7 on the average test score and behavior value-added
and controls measured in fourth grade.17 The support of the distribution
includes ±1 standard deviation in teacher value-added (fig. A.8). The ef-
fects of behavior value-added on long-term outcomes are systematically
smaller than those in figure 7, but they still imply substantial effects of
providing students with teachers who have better behavior value-added
for a number of outcomes (tableA.34). The effect of test score value-added
on outcomes is approximately as large and for some outcomes is notably
larger than the estimates reported in figure 7. The outcomes for which
the effect of test score value-added increases the most tend to be ones
where behavior value-added decreases substantially, which suggests that
this empirical approach puts more weight on better test score value-added
teachers than on better behavior value-added teachers.
We also report the cumulative effect of having a standard deviation

better teacher in the full grade 3–12 period, estimated with the correc-
tion for dynamic selection described in section V.F.4.We find large effects
of test score value-added on test taking, GPA, and test scores that are gen-
erally consistent with the results estimated with OLS (compare table A.29
and fig. 7), although there is more evidence of an effect on improved
GPA and less evidence of an effect on dropping out. For behavior value-
added, we see large reductions in dropping out, suspensions, absences,
and being held back and small increases in GPA. While behavior value-
added may slightly lower students’ test scores, the substantial reduction
in dropping out changes the composition of students in a way that will
tend to reduce performance on all other outcomes.
Since we have data on all grades 3–12, we can also examine whether hav-

ing a high value-added elementary school teacher or high school teacher
has a larger effect on students’ high school outcomes under the strong
assumption that a 1–standard deviation change in teacher value-added

17 We start in fourth grade rather than third grade because it substantially increases our
sample size. We include all students with at least seven observations of teacher value-added
in the 8 years from grade 4 to grade 11.
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induces the same amount of learning in each grade.Models of human cap-
ital formation in which past human capital production is complementary
to current human capital production suggest that having a high value-
added elementary school teacher is more important (Kinsler 2016). Alter-
natively, the substantial fade-out we observe in the effect of teacher value-
added suggests that high school teachers will have a larger effect on
student outcomes.
The results generally show that having a high value-added English

or math teacher in middle school or high school has a bigger impact
on high school outcomes than having a high value-added elementary
school teacher. This pattern of results is especially clear for dropping
out of high school, test scores, the GPA measures, absences, suspensions,
and grade retention. For example, having a teacher with a standard
deviation higher behavior value-added has little effect on whether a stu-
dent drops out of high school in grades 3–5, but it reduces the likelihood
of dropping out by about 1 percentage point per year in grades 6–12. Ex-
ceptions exist, notably for taking the SAT, but the pattern of results is fairly
clear. The strength of the middle school and high school effects is some-
what surprising, because we calculate value-added only for English and
math teachers, with whom a student spends less than half of her school
day, whereas, in elementary school, the value-added measures are calcu-
lated for a classroom teacher with whom students spendmuchmore time.
However, these results should be interpreted with an abundance of cau-
tion, since common cardinality of the value-added measures across grades
is difficult to fully defend, given that achievement measures are standard-
ized within each grade-year. It is possible that 1 standard deviation in the
value-added distribution at later grades represents a larger-magnitude
shift in an underlying distribution of skill relative to a 1–standard deviation
shift in earlier grades.

B. Measuring Teacher Quality in Untested Subjects

A significant shortcoming of the test score value-added framework is that
a test must be administered in a subject to measure a teacher’s quality in
that subject. Consequently, we cannot evaluate teachers with value-added
measures in subjects or grades that are untested or compare the impor-
tance of high-quality teachers across untested subjects. We extend the ap-
proach for calculating non–test score value-added described in section IV.A
to compute value-added measures for elementary school teachers by sub-
ject using students’ grades in each subject. We measure a teacher’s quality
using the grade each student receives in a subject in year t 1 1, control-
ling for the baseline controls from year t 2 1.
Table A.35 shows long-term student outcomes regressed on students’

grades and the standard set of controls. Better grades in virtually all
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subjects improve students’ long-termoutcomes. Two exceptions are speak-
ing and PE (physical education), which indicate that students who per-
form better in speaking or PE perform worse in high school, even condi-
tional on their grades in other subjects and prior achievement. However,
these estimates may not detect the true effect of ability in a particular
subject but may instead detect unobserved characteristics associated with
both elementary school grades and high school outcomes.
Table 8 reports the results after redoing this analysis with teacher value-

added for each subject. Teachers who excel at teaching reading and
health have students who perform better in high school across several
measures. The effects for math GPA value-added are subject specific.
The effect is positive and marginally significant only for math CAHSEE
scores. Unexpectedly, students with better elementary schoolmath teach-
ers are more likely to be held back in high school.
The effects of reading GPA value-added are more widespread, with sig-

nificant ormarginally significant effects on dropping out, taking the SAT,
SAT score, and both math and English CAHSEE scores. Writing GPA
value-added significantly affects the probability of being held back. Health
GPA value-added significantly affects SAT taking and cooperation GPA
and is marginally significant for both math and English CAHSEE scores.
Social studies GPA value-added has positive andmarginally significant ef-
fects on two of the grade measures.
Speaking GPA value-added has a positive and significant effect on

dropout rate and negative and significant or marginally significant effects
on SATscores, both CAHSEE score measures, and all three GPAmeasures.
Perhaps talking in class is not well rewarded in high school. The coeffi-
cients on PE, arts, and science also generally suggest negative effects on
students but in most cases are not statistically significant.
The confidence intervals on the statistically insignificant estimates

are such that they often cannot reject effects of the same magnitude
found for reading or health GPA, although, for example, the effect of
reading GPA on taking the SATand test scores is outside the confidence
interval for many of the other subjects. Similarly, several of the negative
effects of speaking GPA value-added (e.g., dropping out and SAT score)
are often rejected by the confidence intervals of the other value-added
measures.
These results broadly support the traditional view that reading is a

building-block skill that has long-term benefits. The health results are un-
expected, suggesting that health knowledge at a young age could have
long-term benefits, though this explanation should be interpreted with
caution. Besides the negative effect of speaking, we find relatively little ev-
idence of negative effects in other subjects. These results suggest that el-
ementary schools could potentially create long-term benefits for students
by hiring and retaining strong reading teachers.
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TABLE 8
Effect of Elementary School Teacher Subject Value-Added (VA) on High School Outcomes

Pooled Grades 3–5 VA
LAUSD
Dropout

Took
SAT

SAT
Score GPA

Effort
GPA

Cooperation
GPA

Math
CAHSEE

English
CAHSEE

Days
Suspended

Log
Absences

Held
Back

Math GPA .004 2.006 5.997 2.005 2.002 .001 .021* .009 2.000 .001 .015***
(.005) (.007) (4.139) (.010) (.006) (.005) (.011) (.009) (.004) (.011) (.005)

Reading GPA 2.011** .029*** 9.830** .007 .006 .005 .030** .028*** .002 .006 2.005
(.005) (.008) (4.345) (.009) (.005) (.006) (.012) (.010) (.004) (.011) (.005)

Writing GPA 2.001 2.012 2.202 .016 .008 .007 2.003 .002 .002 2.005 2.012**
(.005) (.008) (4.964) (.010) (.006) (.006) (.014) (.011) (.004) (.012) (.006)

Listening GPA 2.001 2.010 4.579 .003 .002 .004 .017 .011 2.003 2.013 .001
(.006) (.008) (4.258) (.011) (.007) (.007) (.015) (.011) (.005) (.010) (.006)

Speaking GPA .014** 2.003 211.323** 2.025** 2.013* 2.014* 2.028* 2.025** .001 .009 .001
(.005) (.007) (4.700) (.010) (.007) (.007) (.016) (.012) (.004) (.010) (.005)

History/social science GPA 2.000 2.003 1.483 .009 .008* .008* 2.002 .001 2.001 .006 2.006
(.006) (.006) (3.824) (.008) (.005) (.005) (.011) (.007) (.003) (.012) (.006)

Science GPA 2.001 .000 26.470 2.000 2.005 2.009 2.024* 2.013 2.003 2.010 2.003
(.007) (.008) (4.824) (.010) (.006) (.006) (.013) (.010) (.004) (.009) (.006)

Health education GPA .003 .015** 5.572 .007 .008 .012** .023* .019* 2.002 2.000 .002
(.006) (.007) (4.198) (.010) (.006) (.006) (.013) (.010) (.003) (.010) (.005)

PE GPA 2.007 .011 2.223 .003 2.005 2.011* 2.008 .000 2.003 2.012 2.002
(.006) (.007) (4.795) (.009) (.005) (.006) (.011) (.009) (.004) (.009) (.004)

Arts GPA 2.002 .000 24.331 2.004 2.005 2.007 2.009 2.015* .003 .007 .003
(.006) (.007) (5.169) (.010) (.006) (.006) (.012) (.008) (.003) (.011) (.005)

Observations 136,125 102,822 60,875 293,569 233,529 233,529 152,693 152,162 316,740 277,858 222,174
R2 .293 .146 .617 .244 .234 .240 .500 .512 .039 .266 .108

Note.—This table reports the effect of a standard-deviation increase in the 10 subject teacher VA measures on students’ high school outcomes. Spe-
cifically, each column of the table reports the coefficients on each of the 10 subject VA measures from an OLS regression of the students’ high school
outcome on the 10 subject VA measures for the students’ teachers in grades 3, 4, or 5, along with the baseline controls described in sec. IV.A. The baseline
controls include lags of a cubic polynomial of the student’s math test score, English test score, GPA, and effort GPA; a cubic polynomial of lagged class-
and grade-level means of each of those variables; current English-learner status, lagged log days absent, lagged suspensions, lagged being held back, and
the class- and grade-level means of these variables. Each of these variables, except English-learner status, is fully interacted with grade fixed effects, and a
control for class size is included. Standard errors clustered at the modal–high school level are reported in parentheses.
* p < .10.
** p < .05.
*** p < .01.



VII. Conclusion

The results demonstrate that teacher quality is multidimensional. We
show that teachers’ test score value-added has significant effects on long-
term outcomes and that adding controls for behavior and learning skills
value-added does not influence the estimated effects. This finding indi-
cates that the long-term effects of having a teacher with high test score
value-added may not be biased upward by omitting measures of behavior
or learning skills value-added.
We also find that a teacher value-added measure that combines the

teacher value-added for GPA, absences, suspensions, and grade retention
affects many high school outcomes. These effects are similar in magni-
tude to those of test score value-added. We find little evidence that learn-
ing skills value-added individually affects high school outcomes. The sec-
ond dimension of teacher quality is only weakly correlated with test score
value-added and allows for a substantial enhancement in the measure-
ment of teacher quality. For example, a policy that uses both dimensions
and 3 years of data to identify the bottom 5% of teachers and replaces
them with average teachers increases the efficacy of the policy by over
50% versus a policy that uses only test score value-added for dropout
rates, the likelihood of taking the SAT,GPA, effort GPA, absences, and be-
ing held back. Despite substantial gains in many areas, high school test
scores experience only minimal declines.
We then demonstrate that this value-added framework can be extended

to analyze effects by grade and all elementary school subjects. We find
that the cumulative effect of better elementary, middle, and high school
teachers is large, even after controlling for tracking and dynamic selec-
tion.We also show that teachers who are relatively better at teaching read-
ing and health improve their elementary school students’ high school
outcomes, whereas teachers who are better at teaching speaking worsen
them. Teaching reading may have long-term benefits for students, which
suggests that schools should focus on increasing teaching quality in that
area.
Overall, this paper shows the multifaceted role that teachers play in in-

fluencing the outcomes of their students. In addition to benefiting stu-
dents through increasing performance on tests, teachers meaningfully
affect students’ long-term outcomes through additional channels.

Data Availability

Code replicating the tables and figures in this article can be found in
Petek and Pope (2022) in the Harvard Dataverse, https://dataverse.harvard
.edu/dataset.xhtml?persistentId5doi:10.7910/DVN/BAE6IH.
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