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Teachers affect a variety of student outcomes through their influence
on both cognitive and noncognitive skill. I proxy for students’ non-
cognitive skill using non—test score behaviors. These behaviors include
absences, suspensions, course grades, and grade repetition in ninth
grade. Teacher effects on test scores and those on behaviors are weakly
correlated. Teacher effects on behaviors predict larger impacts on high
school completion and other longer-run outcomes than their effects
on test scores. Relative to using only test score measures, using effects
on both test score and noncognitive measures more than doubles the
variance of predictable teacher impacts on longer-run outcomes.

I. Introduction

At the broadestlevel, a good teacher is one who teaches students the skills
needed to be productive adults (Douglass 1958; Jackson, Rockoff, and
Staiger 2014). Not every skill needed in adulthood is well captured by per-
formance on achievement tests. Indeed, a large body of research demon-
strates that “noncognitive” skills not captured by standardized tests, such
as adaptability, self-restraint, and motivation, are key determinants of adult
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outcomes.! Even so, economists have focused on test score measures of
teacher quality (referred to as test score value-added) because they are of-
ten the best available measure of student skills.* However, good teachers
may affect students much more broadly than through their impact on
achievement test scores.

Chetty, Friedman, and Rockoff (2014b) show that teachers who im-
prove testscores improve students” high school completion, college atten-
dance, and earnings. While this finding shows the importance of measur-
ing teachers’ impacts on test scores, it does not show that impacts on test
scores provide a comprehensive measure of teacher quality. The literature
on noncognitive skills provides reason to suspect that teachers may influ-
ence skills and behaviors that go undetected by test scores but are none-
theless important for students’ longer-run success. Because districts seek
to measure teacher quality for policy purposes, it is important to measure
teacher effects on overall well-being and not only effects on those skills
measured by standardized tests.

This paper estimates teacher effects on both test scores and measures
of noncognitive skills.? I refer to a teacher’s effect on a skill measure as
value-added. I demonstrate that teachers have meaningful value-added
on both test scores and noncognitive skill measures in ninth grade. Sur-
prisingly, test score and noncognitive value-added for the same teacher
are weakly correlated (r = .15). I show that ninth-grade teachers who
raise students’ noncognitive skill measures have important impacts on
students’ life chances. A one standard deviation increase in noncogni-
tive value-added increases students’ likelihood of graduating from high
school by 1.47 percentage points, compared to only 0.12 percentage
points for test score value-added. This pattern of larger impacts of non-
cognitive value-added replicates across several high school outcomes, in-
cluding grade progression, SAT taking, twelfth-grade grade point aver-
age (GPA), and intentions to attend a 4-year college.

To motivate the empirical work, I follow Cunha and Heckman (2008)
and extend the standard test score value-added model that assumes uni-
dimensional student ability. In this extended model, student outcomes

! See Heckman and Rubinstein (2001), Waddell (2006), Borghans, Weel, and Weinberg
(2008), and Lindqvist and Vestman (2011). Consistent with this, some interventions that
have no effect on test scores have meaningful effects on long-term outcomes (Deming
2009, 2011; Booker et al. 2011), and improved noncognitive skills explain the effect of
some interventions (Fredriksson, Ockert, and Osterbeek 2013; Heckman, Pinto, and
Savelyev 2013).

* Having a teacher at the 85th vs. the 15th percentile of the test score value-added dis-
tribution is found to increase test scores by between 8 and 20 percentile points (Rivkin,
Hanushek, and Kain 2005; Kane and Staiger 2008).

* Alexander, Entwisle, and Thompson (1987), Ehrenberg, Goldhaber, and Brewer (1995),
Downey and Shana (2004), Jennings and DiPrete (2010), and Mihaly et al. (2013) find evi-
dence that teachers have an effect on non—test score measures of student skills. Also, Koedel
(2008) estimates high school teacher effects on graduation.
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are a function of both cognitive and noncognitive skills (Heckman, Stixrud,
and Urzua 2006). I propose that one can measure teacher value-added on
multiple ninth-grade skill measures but focus on two: test scores and some
other outcome. I show that, as long as the two skill measures do not reflect
the same exact mix of student abilities, one can better predict teacher im-
pacts on longerrun student outcomes using value-added on both skill mea-
sures than using test score value-added alone. I then test this implication
empirically.

I employ administrative data on all public school ninth graders in
North Carolina from 2005 through 2012. These data contain student
scores on math and English exams linked to their subject teachers. To ob-
tain measures of student skills in ninth grade that may not be well cap-
tured by test scores, I follow a literature that uses behaviors as proxies
for noncognitive skills.* To summarize these behaviors with a single vari-
able, I use principal component analysis to create a weighted average of
grades, on-time grade progression, absences, and suspensions. I refer to
this weighted average of ninth-grade behaviors as the “behavior index.”
I use the behavior index to measure noncognitive skills that may be
missed by test scores. However, I do not claim that this index is unrelated
to cognitive skills, nor is this index a comprehensive measure of all non-
cognitive skills. Using value-added models, I estimate ninth-grade teacher
effects on both test scores and behaviors. I then examine how teachers with
high noncognitive value-added (i.e., those who improve behaviors) influ-
ence longer-run outcomes such as high school completion, SAT taking,
and intended college going in ways unmeasured by their test score value-
added.’

Teachers in ninth grade have meaningful effects on both test scores
and those behaviors that proxy for noncognitive skills. Teacher value-
added on test scores and the behaviors are weakly correlated (r = .15),
and, conditional on test score value-added, there is considerable variabil-
ity in behaviors value-added. In models that predict high school gradua-
tion using only test score value-added, a one standard deviation increase
in test score value-added raises the likelihood of high school graduation
by 0.15 percentage points. However, when also including behaviors value-
added, a one standard deviation increase in test score value-added leads
to a 0.12 higher likelihood of graduation, and a one standard deviation

* See, e.g., Heckman et al. (2006), Lleras (2008), Bertrand and Pan (2013), Kautz and
Zanoni (2014), and Heckman, Humphries, and Varemendi (2016). In the same way that
one infers that a student who scores higher on tests likely has higher cognitive skills than
astudent who does not, one can infer that a student who acts out, skips class, and does not
hand in homework likely has lower noncognitive skills than a student who does not (Heck-
man and Kautz 2012).

> These longer-run outcomes are worthy of study because they include strong predictors
of college going, and high school dropout is a strong predictor of crime, employment, and
earnings.
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increase in behaviors value-added leads to a 1.47 percentage point higher
likelihood of graduating from high school. These results suggest that
(@) many teachers who raise test scores do not improve behaviors and vice
versa, and (b) behaviors value-added detects effects on important skills
that are not detected by test scores. Including both value-added mea-
sures more than doubles the predictable teacher-level variability in high
school graduation. Patterns are similar for dropout, SAT taking, and col-
lege plans.

To address concerns of sorting and selection biases, all models include
a rich set of covariates, and I present several empirical tests to show that
the relationships presented can be interpreted causally. Moreover, I also
show that these patterns are robust to using behavioral outcomes that
cannot be driven by grade inflation or reporting biases (i.e., tenth-grade
GPA).

The results support an idea that many believe to be true but that has
not previously been shown: that teacher effects on test scores capture only
a fraction of teacher effects on human capital. This underscores the need
for evaluations that account for effects on both cognitive and noncognitive
skills (Heckman 1999). Because some of the non—test score outcomes used
can be manipulated by teachers, using them directly for accountability or
evaluation purposes is unwise. However, I present some feasible policy
uses. The results provide an explanation for why Chamberlain (2013) finds
that test score value-added may reflect less than one-fifth of the total effect
of teachers. Also, consistent with Heckman et al. (2013), teacher effects on
proxies for noncognitive skills offer an explanation for why teacher test
score effects fade over time (Jacob, Lefgren, and Sims 2010) despite hav-
ing meaningful effects on long-run outcomes.

The remainder of this paper is organized as follows: Section II describes
the data. Section III presents the theoretical framework. Section IV pre-
sents the empirical framework. Section V analyzes shortrun teacher ef-
fects. Section VI analyzes how shortrun teacher effects predict longer-
run teacher effects and discusses possible policy applications. Section VII
presents conclusions.

II. Data and Relationships between Variables

I seek to obtain estimates of the effect of ninth-grade teachers on both
test scores and proxies for noncognitive skills in ninth grade. I will then
explore whether these estimated effects on ninth-grade skill measures
predict teacher impacts on longer-run outcomes. I use data on all public
school ninth-grade students in North Carolina between 2005 and 2012
obtained from the North Carolina Education Research Data Center. The
data include demographics, transcript data, test scores in grades 7-9,
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and codes linking student test scores to the teacher who administered the
test.” I focus on students who took English (English I) and math (algebra I,
geometry, or algebra II) courses during ninth grade. Roughly 93 percent
of all ninth graders take both English I and one of these math courses. To
avoid any bias that would result from teachers influencing students’ ninth-
grade repetition, I use only the first observation of ninth-grade repeaters.”
Summary statistics are presented in table 1.

These data cover 573,963 ninth-grade students in 872 secondary
schools, with 5,195 English teachers and 6,854 math teachers. The gen-
der split is roughly even. The sample is 58.8 percent white, 26.1 percent
black, 7.2 percent Hispanic, and 2.1 percent Asian. Regarding the high-
est level of education obtained by either of the student’s two parents,
46 percent had a high school diploma or less, 14.9 percent had a junior
college or trade school degree, 29.4 percent had a 4-year college degree
or higher, and 9.5 percent are missing data on parental education. All test
score variables are standardized to be mean zero, unit variance, for the full
population taking each test during each testing year. Test scores in the
sample are higher than average because the ninth graders successfully
matched to their classroom teacher are slightly higher-achieving on aver-
age.?

Informed by studies that use behaviors as proxies for noncognitive
skills not measured well by test scores (Lleras 2008; Bertrand and Pan
2013; Kautz and Zanoni 2014; Heckman et al. 2016), I proxy for noncog-
nitive skills using non—test score behaviors available in the data: the log
of the number of absences in ninth grade (plus 1), whether the student
was suspended during ninth grade, the GPA (based on all ninth-grade
courses), and whether the student enrolled in tenth grade on time.
These behaviors are strongly associated with well-known psychometric
measures of noncognitive skills including the “big five” and grit.” In-
formed by Heckman et al. (2006), I use a principal component model
to create a single index of these behaviors. This index is a weighted av-
erage of the non-test score outcomes and is standardized to be mean

° T'use an algorithm to ensure high-quality matching of students to teachers. I detail this
in app. A (apps. A-K are available online).

7 Results that exclude ninth-grade repeaters entirely are essentially unchanged.

 Also, test scores in seventh and eighth grades are higher than the average because (a) the
sample is based on those higher achievers who remained in school through ninth grade, and
(b) Iuse the most recent eighth- or seventh-grade score prior to ninth grade, which tends to
be higher for repeaters.

? Low agreeableness and high neuroticism are associated with more absences, externaliz-
ing behaviors, delinquency, and lower educational attainment ( John et al. 1994; Barbaranelli
etal. 2003; Lounsbury et al. 2004; Carneiro, Crawford, and Goodman 2007). High conscien-
tiousness, persistence, grit, and self-regulation are associated with fewer absences and exter-
nalizing behaviors, higher grades, and on-time grade progression (Duckworth et al. 2007).
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zero and unit variance. I refer to this index as the behavior index."® The be-
havior index has a correlation of .56 with test scores. However, analysis of
variance reveals that about 75 percent of the variation in the behavior in-
dex is unrelated to test scores. As such, there is much variation in this in-
dex that is unrelated to test scores that may serve as a proxy for noncog-
nitive skills that go largely unmeasured by standardized tests."

The main longer-run outcomes analyzed are measures of high school
completion. Data on high school dropout and graduation (through 2014)
are linked to the 2005-11 ninth-grade cohorts. Graduation and dropout
are measured for those in the public school system in North Carolina. In-
dividuals who move out of state or to a private school are neither gradu-
ates nor dropouts. As such, opposite effects observed on both outcomes
cannot be due to changes in private school or out-of-state enrollment.
While having both measures is valuable, high school dropout is notori-
ously difficult to measure (Tyler and Lofstrom 2009). As such, I focus anal-
ysis on the more reliable high school graduation outcome. Roughly 4.3 per-
cent of ninth graders are recorded as having subsequently dropped out
of school, while about 82 percent graduated from high school.'” The re-
maining 11 percent either transferred out of the North Carolina system
or remained in school beyond the expected graduation year. Other longer-
run outcome data include GPA at graduation, taking the SAT, and reported
intentions to attend a 4-year college upon graduation (2006-11 cohorts).
Roughly 48 percent of ninth graders took the SAT by twelfth grade, and
35 percent intended to attend a 4-year college.

To present suggestive evidence that these behaviors may proxy for skills
not well measured by test scores, I examine whether these behaviors (in
ninth grade) predict the longer-run outcomes conditional on test scores
in ninth grade (table 2). To remove the influence of sociodemographics,
all models include controls for parental education, gender, ethnicity, En-
glish and math test scores, repeater status, absences, out-of-school sus-
pension in seventh and eighth grade, and GPA in eighth grade and in-
clude indicator variables for each secondary school. Transcript data are
available only in high school so that eighth-grade GPA is observed only

' T estimated a principal component model on the behavioral outcomes. There is only
one principal component (the first eigenvalue is 0.98 and the second is 0.010). I then com-
puted the unbiased prediction of this sole underlying component using the Bartlett method.
The predicted index equals 0.38(GPA) + 0.31 (enrolled in tenth grade) — 0.15(suspended) —
0.21(log of 1 + absences). See app. B for correlations between the ninth-grade outcomes.

" For example, GPA and test scores both measure some of the same academic cognitive
skills. However, teachers base their grading on some combination of student product (exam
scores, final reports, etc.), student process (effort, class behavior, punctuality, etc.), and stu-
dent progress (Brookhart 1993; Howley, Kusimo, and Parrott 2000) so that grades reflect a
combination of skills, only some of which may be measured by test scores.

'* These are verified dropouts. The low dropout rate reflects the fact that a dropout is
often difficult to verify.
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for high school courses taken while in eighth grade (about 25 percent of
students)."® Appendix F shows that the main results are robust to exclud-
ing ninth-grade GPA as a skill measure and relying on the other behaviors
for which the lags are observed for all students. Columns 1 and 2 show
that higher test scores in ninth grade predict less dropout and more high
school graduation. Also, the non—test score behaviors in ninth grade pre-
dict variation in these outcomes conditional on test scores. The coeffi-
cients on the individual behaviors all have the expected signs and are sta-
tistically significant.

To facilitate an apples-to-apples comparison with the behavior index, I
create a test score index that is the average of ninth-grade math and En-
glish scores. For both longer-run outcomes, increases in the behavior in-
dex are associated with sizable improvements conditional on test scores
(cols. 3 and 4). While a 1o increase in the test score index is associated with
a 1.33 percentage point decrease in dropout, a 1o increase in the behavior
index is associated with a 5.24 percentage point decrease. Similarly, while
a lo increase in the test score index is associated with a 1.86 percentage
point increase in high school graduation, a 1o increase in the behavior in-
dex is associated with a 15.8 percentage point increase. Columns 57 pre-
sent patterns for high school GPA, SAT taking, and intentions to attend
a 4-year college. Across all the longer-run outcomes, increases in the be-
havior index are associated with large and statistically significant improve-
ments, conditional on test scores." This suggests that teacher impacts on
behaviors (a proxy for noncognitive skills) may be a good predictor of im-
pacts on longer-run outcomes, above and beyond that predicted by their
impacts on test scores. This is explored directly in Section VI.

III. Theoretical Framework and Model Setup

The standard value-added model assumes that student ability is one-
dimensional (see Todd and Wolpin 2003). Following Cunha and Heckman
(2008) and Cunha, Heckman, and Schennach (2010), I extend this model
so that student outcomes are functions of both cognitive and noncogni-
tive abilities. In the model, teachers can improve skills that lead to im-
proved longer-run outcomes but are not reflected in improved test scores.
As such, teacher impacts on non—test score outcomes can provide addi-
tional information (above and beyond that contained in teacher impacts
on test scores) on the extent to which they improve longer-run outcomes.
For expositional purposes, I refer to students’ latent competencies as abil-

'* In regression models, those with no eighth-grade GPA are imputed a value of 2.5, and
all models include an indicator that is equal to one for all such observations. All results are
robust to excluding eighth-grade GPA.

" In app. G, I present similar patterns using nationally representative survey data, and I
also present additional empirical patterns that validate the use of the behavior index as a
proxy for noncognitive skills.
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ities, I refer to short-run student outcomes used to infer these competen-
cies (such as test scores, course grades, etc.) as skill measures, and I refer to
longer-run outcomes (such as high school graduation and college going)
as outcomes.

Production of student skills—Prior to ninth grade, each student i has a
stock of cognitive and noncognitive abilities described by vector »; =
(Vi Vm-)T, where the subscripts ¢ and n denote the cognitive and noncog-
nitive dimensions, respectively.'” This stock reflects an initial endowment
and the cumulative effect of all school and parental inputs on students’
incoming abilities. Each ninth-grade teacher j has a positive quality vector
w; = (w,,w,)" describing teacher j’s capacity to increase each of the two
dimensions of student ability during ninth grade. Each student has a ma-
trix given by

D,; 0
O Dni

Di:

which describes student ¢’s responsiveness to teacher quality in each di-
mension. The “effective” quality of teacher j for student ¢ (w;) is the stu-
dent matrix D, times the underlying quality vector of teacher j given by
w; = Diw;."°

During ninth grade, students take classes in many subjects (math, En-
glish, sciences, social studies, etc.). The two-dimensional vector ¢;; rep-
resents the contribution of the ninth-grade teachers other than teacher j
to the end-of-year ability of student 7. Ability of student ¢ at the end of
ninth grade with teacher jis represented by the vector in (1):"7

oy = VU; + [&F + PDi—j- (1)

Skill measures—There are multiple skill measures (y,;) observed for stu-
dent 7 at the end of ninth grade (such as test scores, grades, etc.). Each sca-
lar skill measure (y,) is a function of the two-dimensional ability vector (o)
as in (2), where 8, = (B.., Bm)T is a vector of “skill prices” describing how
each y, depends on each of the two ability types, and ¢,;is a random shock:

B[S
. T
Vsij = aijl‘Bs + ey = (Ui + w; + @i—j) + &y (2)

ns

" Students may possess many types of cognitive and noncognitive skills. The key point is
that the extension relaxes the assumption that students are either greater or lesser skilled
and permits the more realistic scenario in which students may be highly skilled in certain
dimensions but deficient in other dimensions of skill.

' The vector w;is a two-dimensional student-specific teacher quality vector. This relaxes
the commonly made assumption that teacher effects are the same for all students (see Jack-
son et al. 2014).

"7 Appendix D outlines the explicit production function assumption that justifies the ad-
ditive model in (1). I also present empirical evidence to support the assumption of addi-
tivity across teachers in app. J.
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There is alonger-run outcome (y,) that policy makers care about (such as
high school graduation or college going) but cannot be measured con-
temporaneously. The longer-run outcome is also a function of student
ability as in (3), where ¢, is a random error, and 8, x 8,; # O:

Brl
T
Vi = Oéi;‘TBI t ey = (Uz' + w; + %—7) + &y (3)

nl

Teacher effects—Teachers affect student skill measures and outcomes
only through their effects on students’ accumulated ability. From (2) and
(3), teacher j’s effect on outcome or skill measure y, of student i, where
z € {s, I}, is a weighted average of teacher j’s effective quality for each di-
mension of student ability 6.; = w,;”B.. Let §,; = E[w,]’B. be the average
effect of teacher j on outcome vy, (i.e., the effect on the average student).
Because Ew;] = E[D,w], it follows that 0 is a linear function of the teacher
quality vector (w;). For expositional purposes, I refer to the teachers’ aver-
age effect on short-run outcomes (i.e., skill measures) as value-added."®

Cramm. Ifaskill measure reflects a different mix of abilities from that
measured by test scores, teachers’ value-added on that skill measure may
explain variation in teachers’ average effects on longer-run outcomes
that is not explained by their test score value-added.

To illustrate this point, consider two ninth-grade skill measures, test
scores (y;) and behaviors (y,), and a longer-run outcome, high school
graduation (y,). Assume that value-added on test scores and behaviors
are perfect measures (i.e., there is no estimation or measurement er-
ror)."” The best linear unbiased estimate of the average teacher effect
on graduation (y,) based on test score value-added (6,,) is v0,, where
v = cov(0y, 0y;)/var(f;;). The variation in a teacher’s average effect on
graduation (0;) unexplained by her test score value-added (6,;) is a linear
function of her quality vector 6, = f(w,).2* Similarly, a teacher’s behav-
iors value-added (6,,) unexplained by her test score value-added (6,,) is

'* This definition is appropriate in the current context because the empirical models
employed to estimate teacher effects on ninth-grade skill measures (outlined in Sec. IV)
control for lagged outcomes.

' This assumption is made to highlight the fact that the theoretical result holds even if
teacher value-added on test scores is perfectly measured.

* A teacher’s average effect on the long-run outcome is §; = B,w, + B.w,. The varia-
tion in 6, unexplained by 0, is

6/, = f(w/) = (Brl - 76/1)0%, + (Bnl - ’Yﬁﬂ)%w
Similarly, the variation in 6,; unexplained by 6, is

Oy = g(w) = (B = mB)wy + (B2 = TBi) s,

where © = cov(y;, 6;;) /var(6;;).
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alinear function of the same teacher quality vector 6y, = g(w;). Consider
the linear regression predicting the average teacher effect on the longer-
run outcome (0,) as a function of her test score value-added (6,;) and her
behaviors value-added (6.;). From Greene (2002), behaviors value-added
(0,,) increase the explained average teacher-level variation in graduation
iff cov(é,j, 92j) # 0.2! Because both 9.,]» and 92]» are functions of w, it follows
that cov(6j, 6;) # 0, so that behaviors value-added will increase the ex-
plained teacher-level variation in graduation.* This argument can be ap-
plied to any additional skill measure (y.) and any longer-run outcome
(v). Note that this result does not require that the additional skill mea-
sure is unrelated to test scores, but only that there is meaningful varia-
tion in abilities measured by the other skill measure that is unrelated
to test scores.”

IV. Empirical Strategy
A, Identifying Teacher Impacts on Student Outcomes

This section outlines the model used to estimate teachers’ average im-
pacts on student skill measures in ninth grade (0,,). I refer to these esti-
mated teacher impacts on skill measures as value-added. The value-added
estimates are then used as predictors of longer-run outcomes (y,). From
(2), each ninth-grade skill measure y. for student ¢with teacher jis a linear
function of student ability at the end of ninth grade plus a random error as
in (4):

¥ = (Vi + i+ @) B+ &y

= viTBz + wijTBz + ¢i—jTﬁz + gzij-

(4)

*' See app. D for a more formal proof of this statement.

* This is also possible if the different teacher effects measure the same skill but are each
measured with error. However, in Sec. VI, I demonstrate that this is unlikely to be the case
for the outcomes in this paper.

* There is an important caveat intrinsic to the use of measurements of behavior as prox-
ies for latent skills. I discuss the short-run outcomes as being pure proxies of skill. However,
value-added on the skill measures may predict impacts on longer-run outcomes through
changes in skills but also through the effects of the skill measures directly (a behavior ef-
fect). See Heckman (1981a, 1981b) for a discussion of this basic identification problem.
For example, consider that dropout is a function of both motivation (an underlying skill)
and how far behind a student falls in class (which is a function of absences). A teacher who
reduces absences may reduce dropout by (@) increasing student motivation (a skill mech-
anism) but also by (4) reducing the likelihood that a student falls behind (a direct behavior
mechanism). To be clear, both mechanisms are causal and each is policy relevant. That is, if
teachers systematically increase students’ chances of graduating from high school in a
manner that is not detectable using test score value-added, irrespective of the mechanism,
this would be an important and policy-relevant finding. One implication of this, however, is
that teacher value-added on behavior-based skill measures (such as absences and disci-
pline) may better predict teacher impacts on longer-run outcomes than non-behavior-
based measures of skill (such as surveys or test scores).



WHAT DO TEST SCORES MISS? 2085

Cross-multiplying out terms and substituting in 0,;1leads to (5):

yzij = 01] + UﬁiB{z + Unian + qoﬁi*/BfZ + Soni*jﬁnz + gzij‘ (5)

When incoming student ability is not observed and one observes only
the value-added of ninth-grade teacher j in a particular subject, (5) be-
comes

yzij = Ozj = uzij; (6)
where
uzz] = v{:iB!z + vnian + qot'i*/'Brz + Sonifjﬁnz + Szij'

As a normalization, let E[w,;] = 0. An estimate of teacher j’s value-added
on outcome z (0, is the average outcome for all students with teacher j
given by ézj = ).;- If teachers and students are both distributed randomly
such that E[uw;|0,] = E[w,;] for all jfor all 4, then, in expectation, the dif-
ference in average outcomes for all students with teacher j and all stu-
dents with teacher j' will yield the difference in value-added between
teacher jand teacher j' for outcome z That is, E[@Zj — 94] =0,—0,.
Because teachers and students are not distributed randomly, differ-
ences in teacher-level mean outcomes are unlikely to yield the differences
in value-added of individual teachers for two reasons. First, students may
sort into schools, and to teachers within schools, by parental socioeco-

nomic status and incoming ability so that

E[vriﬁa + vanz‘GZj] ;é E[Uriﬁrz + vm’an]-

Second, good teachers may cluster in the same schools and teach the
same group of students within schools because of tracking, so that

E[Sori*jﬁcz + ¢mf*j6m‘0zj] #: E[ﬁpd*]’Ba + Samf*jﬁnz]'

For example, if good math teachers teach the same group of students as
the good English teachers, average classroom outcomes for the math
teacher will confound that teacher’s value-added with the value-added
of the English teacher to whom her students are exposed.

To address these two sources of potential bias, I contend that if there
exists a set of conditioning variables (7}) such that (@) students are ran-
domly assigned to teachers, conditional on 7}, and () the quality of the
teacher of one subject is unrelated to the quality of the teachers of other
subjects, conditional on 7}, one can obtain unbiased estimates of the rel-
ative value-added of an individual teacher on student outcomes. I out-
line this logic below.

IDENTIFYING ASSUMPTION 1. Conditional random assignment of stu-
dents to teachers:

El:vl;iﬁl,z + Uniﬁnz‘ezb 7;] = E[Uriﬁzz + vnian' 711/] v]’ V Z. (7)
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Conditional on 7}, the value-added of teacher jis uninformative about
the expected incoming ability of students of teacher j.
IDENTIFYING ASSUMPTION 2. Conditional independence of teacher

effects:

E[qpti*jﬁrz + goni*jﬂnz 02/') 711]} = E[@(:i*]‘ﬁ{z + ‘Pm—,an|TzJ V]’V Z. (8)

Conditional on T}, the value-added of teacher jis uninformative about
the value-added of other teachers (of different subjects) of the students
of teacher j.

Even though

E[ézy} = 07.7 + E[U!iB(:z + vm‘an|7;']} + E[Soz:i*jﬁcz + ¢ni*/6nz|7—‘i‘:|
# 0:]5

under assumptions 1 and 2, E[f,; — éz]-/|7}]~] = 0, — 0. Thatis, for a given
outcome z, even with sorting of students to teachers and clustering of
teachers to groups of students, in expectation, the difference in mean
outcomes for teacher jand that for teacher j' conditional on 7;; will yield
the difference in value-added between teacher j and teacher j'.

The proposedT} includes several variables. To account for student
ability sorting, I include two lags of math scores, English scores, repeater
status, suspensions, and attendance and a single lag of GPA.** To account
for sorting that occurs at the group level, I include classroom averages of
the eighth-grade skill measures and demographics (Protic et al. 2013).
To account for sorting of teachers to groups of classes such that teacher
quality may be correlated across subjects for the same student, I control
for the number of honors courses taken (Aaronson, Barrow, and Sander
2007; Harris and Anderson 2012), and I include fixed effects for the stu-
dent’s school track ( Jackson 2014). The school track is the unique com-
bination of the 10 core academic courses, the level of math taken, and
the level of English taken in a particular school.*® Only students at the
same school who also take the same academic courses, level of English,
and level of math are in the same school track.?® I refer to the school
track as “track” for the remainder of the paper.

* Kane and Staiger (2008) and Kane et al. (2013) find that inclusion of one year of lagged
outcomes is sufficient to eliminate bias due to sorting. Rothstein (2010) advocates using two
lags.

* Defining tracks flexibly at the school/course—group/course level allows for different
schools that have different selection models and treatments for each track. See app. E for
further discussion of tracks.

* Students taking the same courses at differentschools are in different school tracks. Stu-
dents at the same school in at least one different academic course are in different school
tracks. Similarly, students at the same school taking the same courses but taking the same
math or English class at different levels are in different school tracks. Because many stu-
dents pursue the same course of study, less than 1 percent of all students are in singleton
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The idea behind conditioning on track is as follows: If better teachers
sortinto particular tracks, the advanced track, for example, then students
in the advanced track will have both better English and math teachers
than those in the regular track. This makes it difficult to disentangle
the value-added of the English teachers from that of the math teachers
when making comparisons across tracks. However, if teachers sort into
tracks but do not sort into classes within tracks, then within a track, stu-
dents with better English teachers are not systematically exposed to better
math teachers and vice versa. This allows one to isolate the value-added of
one subject teacher from that of teachers in other subjects within tracks.
Importantly, if students sort into tracks, making comparisons among stu-
dents within tracks will also help eliminate student sorting bias.

In sum, if students are randomly assigned to classrooms within tracks
(conditional on the rich set of controls), then conditional on tracks and con-
trols, identifying assumption 1 will be satisfied. Similarly, if teachers are ran-
domly assigned to classrooms within tracks (conditional on the rich set of
controls), then conditional on tracks and controls, identifying assump-
tion 2 will be satisfied. I present evidence to support the validity of these
identifying assumptions in Section VI.

B.  Identifying Teacher Impacts on Ninth-Grade
Skill Measures

I follow the convention in the teacher value-added literature and model
outcome (or skill measure) z of student ¢in classroom ¢ with teacher jin
school s in year ¢ with equation (9):

yzir].vl = Qz)(irj.&'t + Ty + ezirjvt' (9)

Here, X, includes all the time-varying variables in 7}; discussed above,
and 7, are school-by-year indicator variables to account for transitory
school-level shocks. Removing the influence of observables yields ¢, =
Yeiiw — L:Xijw — Ty This student-level residual comprises teacher value-
added (6), a random classroom-level shock (e.;,), and random student-
level error (e.,), such that e, = 0. + &.5, + €. The average of these
student-level residuals over time for a given teacher jis connoted e, and
is an unbiased estimate of teacher j’s value-added on outcome z under the
aforementioned identifying assumptions.

Even though ¢; is an unbiased estimate of teacher j’s value-added on
outcome z, to avoid mechanical endogeneity, one should not estimate
teacher value-added using the same students among whom longer-run
outcomes are being compared. Accordingly, I follow Chetty, Friedman,

tracks, 83 percent of students are in tracks with more than 20 students, and the median stu-
dent is in a school track with 199 other students.
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and Rockoff (2014a) and predict how much each teacher improves stu-
dent outcomes in a given year on the basis of her performance in other
years (with a different set of students). This leave-year-out (jackknife)
measure of teacher quality removes the endogeneity associated with us-
ing the same students to form both the treatment and the outcome and
isolates the variability in teacher value-added that persists over time. A
leave-year-out estimate for teacher jin year ¢is the teacher’s average re-
sidual based on all other years of data (—¢) as follows:

0, ., =72 . (10)

The estimate 92]-,7, minimizes mean square estimation error and is an
unbiased estimate of 6,. However, because 94,7, is estimated with noise,
0., is not the optimal out-ofsample predictor and does not minimize
out-of-sample prediction errors. To minimize mean squared prediction
errors, it is optimal to introduce some bias and to use the raw estimates
to form empirical Bayes (or shrinkage) estimates (Gordon, Kane, and
Staiger 2006; Kane and Staiger 2008; Chetty et al. 2014a).*” This approach
models the estimation error in each teacher’s raw mean and shrinks nois-
ier estimates toward the grand mean (in this case, zero). The resulting
leave-year-out empirical Bayes estimate of teacher j’s value-added is de-
scribed by

i)'zjt = 02]’,7t)\zj . (11>

This empirical Bayes estimate for each teacher’s value-added is the
leave-year-out teacher-level mean (921-,,,) multiplied by A\, an estimate of
its reliability.® As a result, less reliable estimates (i.e., those that are esti-
mated with more noise due to a small number of students, a small num-
ber of classrooms, or both) are shrunk toward the grand mean for all

* Though these are commonly referred to as estimates, they are really predictors. The best
linear predictor of student outcomes given the leave-year-out teacher effect is obtained from
a regression of y on 0,;,. That is, E(y.j|0,,-) = a + b(0;-,). Where the estimates effects
are normalized to be mean zero, it follows that @ = 0. Because the effects are estimated with
error, it follows that b = var(6,;)/var(f,;-,) < 1. Even though 0., - is an unbiased estimate of .,
the optimal predictor that minimizes prediction errors is b(OZ],,,).

* Following Gordon et al. (2006), Kane and Staiger (2008), Jackson and Bruegmann
(2009), and Jackson (2013),

o,

N = >
o, + {3 [1/(et, + . /n)]}
where 7, is the number of students in class ¢ with teacher j, and m; is the number of class-

rooms for teacher j. The parameters oj , 07, and o7, are replaced by empirical estimates
under the assumption

cov(l,, &) = cov(By, £.iyu) = COV(E.igy, Exj) = 0.
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teachers.” To examine whether teacher value-added on test scores and
behaviors predict teacher impacts on longer-run outcomes, I use the es-
timates from (11) as predictors of the longer-run outcomes. In all the em-
pirical sections of this paper, when I refer to value-added estimates, I am
referring to the leave-year-out empirical Bayes estimates as in (11).

V. Effects on Skill Measures

Before presenting impacts on longer-run outcomes, I examine the mag-
nitudes of teacher value-added on the proposed skill measures (i.e., test
scores and behaviors). I follow Kane and Staiger (2008) and for each out-
come use the covariance between mean classroom residuals for the same
teacher as a measure of the variance of the persistent component of teacher
value-added (63;/).30 The square roots of estimated variances (i.e., the im-
plied standard deviations of teacher value-added) for all ninth-grade out-
comes are presented for each subject in table 3.

The standard deviation of the math teacher value-added on math test
scores is 0.0840 so that having a math teacher with value-added at the 85th
versus 50th percentile on math test scores would increase math scores by
roughly 0.0840. The relationship between average test scores and grad-
uation in column 4 of table 2 implies that this would be associated with
a 0.16 percentage point increase in the likelihood of high school gradua-
tion. Looking to value-added on behaviors, having a math teacher at the

Under this assumption, var(e;,) = o0z, + 0, + a,?:] and cov(e, e ) = o};’zj, where 2,5 is the
average residual for classroom ¢ for teacher jin year tand e..j, is the average residual for class-
room ¢’ for teacher jnot in year ¢ As such, o2, , the empirical estimate of the variance of the
student-level errors, is estimated using the sample variance of the studentlevel residuals
within classrooms. Also o3 , the empirical estimate of the variance of the true teacher value-
added on outcome z, is estimated using the sample covariance of classroom-level mean resid-
uals for the same teacher in different years. Under the assumptions above, I can obtain an em-
pirical estimate of o7, the variance of the classroom-level shocks, using the variance of the
total residual, var(e.;;,), minus the empirical estimates of o?  and aﬁu.

* Teachers with no estimated raw fixed effects (i.e., those in the data for only 1 year) are
shrunk toward the mean of other teachers with similar observable attributes. Teachers with
missing estimates are given the fitted value from a regression predicting ji; based on ob-
servable teacher characteristics (gender, ethnicity, experience, certification, license status,
college selectivity, and test scores). Teachers for whom there are no observable character-
istics are given the mean of the distribution of the estimated f.;. Results are very similar to
those obtained when the teacher estimates are shrunk to zero for teachers with no estimated
out-of-sample effect.

* Under the identifying assumptions, cov(e., &) = Uglj, where e is the average resid-
ual for classroom ¢ for teacher j in year ¢ and e, is the average residual for classroom ¢’ for
teacher jnot in year t. To estimate a};’zj, I compute mean residuals (e.;) for each classroom.
Then I pair every classroom with another random classroom for the same teacher (e.;)
and compute the covariance of the mean residuals across these classrooms. I replicate this
procedure 200 times and take the median of the estimated covariance as the parameter
estimate.
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TABLE 3
COVARIANCE-BASED ESTIMATES OF THE VARIABILITY OF TEACHER VALUE-ADDED

ALL TEACHERS

In 10th
9th-  Grade 10th-
English Math Grade on  Behaviors Grade
Score Score Suspended Absences* GPA  Time Index GPA
SD:
English

teachers  .0301 .0292 .0104 .0434 0415  .0212 .0552 .0360
Math

teachers  .0204 .0844 0121 .0001 0632  .0264 .0801 .0501
All teachers .018  .0751 .0108 02839  .0446  .0247 .0769 .0315

NoTEe.—The estimated standard deviations are the square root of the estimated covari-
ances in mean residuals from eq. (9) across classrooms for the same teacher. Specifically,
I pair each classroom with a randomly chosen different classroom for the same teacher and
estimate the covariance. I replicate this 200 times and take the median estimated covari-
ance as the parameter estimate. I then take the square root of this estimated covariance
parameter as the estimated standard deviation of teacher value-added.

* Absences refers to the natural log of the number of absences plus one.

85th versus 50th percentile reduces the likelihood of being suspended by
1.2 percentage points, has no impact on absences, increases GPA by 0.063
grade points, and increases on-time grade progression by 2.64 percentage
points. Combining the ninth-grade behaviors into a single variable, having
amath teacher at the 85th versus 50th percentile of value-added on the be-
havior index would increase the behavior index by 0.08¢. The relationships
in table 2 suggest that this would lead to a 1.27 percentage point increase
in the likelihood of high school graduation. Patterns for English teachers
are similar. However, as in other settings, value-added on English scores
are smaller than those on math scores (see Jackson et al. 2014). The cor-
relations indicate that having an English teacher with value-added at the
85th versus 50th percentile on English scores would increase English scores
by 0.030. Having an English teacher with value-added at the 85th versus
50th percentile on the behavior index would increase the behavior index
by roughly 0.0550—an effect size on behaviors thatis on the same order of
magnitude as those for math teachers. The patterns presented in table 3
indicate that there is economically meaningful variation in outcomes across
teachers that persists across classrooms.

One may worry that these correlations are driven by systematic report-
ing bias (e.g., teachers who are easy graders or do not report students to
the principal’s office may mechanically appear to improve student out-
comes without actually improving underlying behaviors). Because pass-
ing English and math is required to graduate from high school and an



WHAT DO TEST SCORES MISS? 2091

expelled student will not graduate, such reporting biases could mechan-
ically improve graduation and reduce dropout without any real skill im-
provement or improvement in behaviors. However, ninth-grade teachers
who systematically raise students’ course grades in tenth grade (when
they are no longer directly interacting with the student) cannot be doing
so by being easy graders or by being more likely to punish students. If
ninth-grade teachers who systematically improve GPAs in 10th grade also
improve longer-run outcomes, it will likely be through improvements in
student skill (rather than any mechanical grade inflation effects or re-
porting biases). As a robustness check, to provide a measure of teacher
value-added on noncognitive skills that is not subject to grading or report-
ing biases, I also present results using ninth-grade teacher value-added on
tenth-grade GPA as a proxy for teacher effects on noncognitive skills (last
column). For both math and English teachers there is systematic ninth-
grade teacher-level variation in tenth-grade GPA. The implied standard
deviation of teacher value-added is 0.05 grade points for math and 0.026
for English. This indicates that ninth-grade teachers have an impact on
behavior-based measures of noncognitive skills that is not due to report-
ing or grading standards. Whether this teacher-level variation can be well
measured for individual teachers and whether estimated teacher value-
added on the different skill measures reflect effects on different skills are
explored below.

Relationship between teacher effects across skill measures—To explore whether
teachers who improve test scores improve other skill measures, table 4
presents the raw correlations between the value-added estimates on the dif-
ferent skill measures, where the data for both math and English teachers
are combined. Teachers with higher test score value-added are associated
with better non—test score outcomes, but the relationships are weak. The
correlations between test score value-added and that on being suspended
or absences are both below .1. The test score value-added estimates are
somewhat more highly correlated with value-added on GPA (r= .22) and
on-time grade progression (r = .16), but not strongly so. The correlation
between test score value-added and that on the behavior index is only .15
such that less than 3 percent of the variation in teacher value-added on
the behavior index is associated with teacher value-added on test scores,
and vice versa. Looking to impacts on tenth-grade GPA (which is free from
reporting and grading biases), the correlation with test score value-added
is only .11. However, because the value-added estimates are estimated with
noise, the variation in value-added on behaviors that is unrelated to value-
added on test scores may simply reflect statistical noise, and not system-
atic variation in teacher quality per se.

To further explore whether teachers’ behaviors value-added reflect
impacts on skills that are unmeasured by their test score value-added,
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TABLE 4
CORRELATIONS BETWEEN VALUE-ADDED ESTIMATES WITHIN THE SAME TEACHER

TEACHER VALUE-ADDED

In 10th 10th-
Test Grade Behavior Grade
Score Suspended Absences® GPA onTime Index  GPA

Teacher value-added:

Test score 1
Suspended —.0726 1
Absences* —.0390 .0983 1
GPA 2266  —.1454 —.0863 1
In 10th grade
on time 1610  —.1185 —.0642 .3822 1
Behavior
index 1494 —.3325 —.4461 5716 .5454 1
10th-grade
GPA 1147 —.0449 —.0601 .3471 .0973 2320 1

NotE.—This table reports the estimated two-way correlation coefficient between the es-
timated teacher value-added (fi.;) on each skill measure and each other skill measure.
* Absences refer to the natural log of the number of absences plus one.

I regress student skill measures on their teachers’ leave-year-out value-
added estimates for those skill measures. Specifically, I estimate equa-
tion (12), where all variables are defined as in (9) and fieq; and fbenaviori
are the leave-year-out empirical Bayes value-added estimates on test scores
and the behaviors, respectively:

Veijst: = Qzanu + 6. - (le’tcsl,ﬂ) + 0. - (QQﬂbcha\rior,jL)

s (12)
+ 5,121{1 t Vgt
d=1

For ease of interpretation, the teacher value-added estimates are multi-
plied by scaling factors o, and o, so that the coefficients §, and 6, identify
the effect of increasing teacher value-added on test scores and the behav-
iors, respectively, by one standard deviation (as presented in table 3).*!
Data for all subjects are stacked, and the results are presented for both
subjects combined. All models include indicators for the specific course
of the teacher (/,) (i.e., English, geometry, algebra I, and algebra II). To

* To obtain the scaling index for each outcome I first estimate equation (a) below for
each outcome z

Neigist = ﬁer/\/ Rl I:Lz/f + Vaigjer- (a)

The scaling index is 0. = |#./dy,|, where 7. is the coefficient estimate from (a) and gy, is the
estimated standard deviation of true teacher value-added on outcome z described in ta-
ble 3. This rescaling is done separately by subject.
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account for the fact that individual students enter the stacked data set in
both subjects and individual teachers have multiple students, standard er-
rors are adjusted for two-way clustering at the teacher and student levels
following Cameron, Gelbach, and Miller (2011).

Table 5 presents the coefficients on the rescaled value-added estimates.
As expected, columns 1, 7, and 10 show that teachers who raise a given
skill measure out of sample have large statistically significant effects on
that same skill measure. Increasing teacher test score value-added (across
both subjects) by one standard deviation increases test scores by 0.06850
(pvalue < .01),” increasing teacher behaviors value-added by one stan-
dard deviation increases the behavior index by 0.0579¢ (p-value <.01),
and increasing teacher tenth-grade GPA value-added by one standard de-
viation increases tenth-grade GPA by 0.0357¢ (p-value <.05). Consistent
with the teacher value-added on the skill measures being positively corre-
lated, columns 2, 6, and 9 reveal that teachers who raise test scores improve
behaviors and vice versa.

However, models that include value-added on both kinds of skill mea-
sures simultaneously suggest that teacher value-added on behaviors cap-
ture impacts on skills that are unmeasured by tests. Specifically, conditional
on teachers’ test score value-added, behaviors value-added is strongly pre-
dictive of improved behaviors (col. 8) but weakly associated with lower test
scores (col. 3). Similarly, conditional on teachers’ test score value-added,
teacher value-added on tenth-grade GPA is strongly predictive of tenth-
grade GPA (col. 11) but unrelated to test scores (col. 5). That is, conditional
on teacher test score value-added, teacher value-added on behaviors predict
large improvement on behaviors but no improvement in test scores. As
such, a teacher’s behaviors value-added likely captures effects on noncog-
nitive skills that are not well measured by test scores. If so, as indicated by
the model, behaviors value-added may explain teachers’ impacts on longer-
run outcomes that are not measured by their test score value-added.

VI. Predicting Longer-Run Teacher Impacts
with Value-Added on Skill Measures

This section tests whether teachers who improve behaviors cause im-
proved longer-run outcomes (conditional on their test score value-added).
To this aim, I estimate equation (12) in which the outcomes are measures
of high school completion, whether the students subsequently dropped
outof secondary school by twelfth grade, and whether they graduated from
high school. For ease of interpretation, I present estimates of the average

* The table presents the effects for math and English test scores combined. As such, the
pooled effect across both subjects lies between the estimated standard deviation for math
teachers (0.084) and that for English teachers (0.03).
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marginal effects using linear probability models. Because linear models
can be misleading about marginal effects for binary outcomes, I also pre-
sent conditional logit estimates and the ensuing implied marginal effects.
To quantify the increase in the ability to predict variability in teachers’
longer-run impacts by adding behaviors value-added, using the linear model,
I estimate (12) both with and without behaviors value-added, and I com-
pute the percentage increase in the predicted variance of the teacher ef-
fects on the longer-run outcomes.” The results are presented in table 6.

Column 1 presents the effect of increasing test score value-added on
high school graduation when behaviors value-added is not included.
On average, one standard deviation higher test score value-added leads
to a 0.152 percentage point increase in high school graduation (p-value <
.01). To put this estimated effect into perspective, the linear relationship
between a one standard deviation increase in test scores and graduation in
table 2 (1.86 percentage points) multiplied by the estimated standard de-
viation of test score value-added in table 3 (0.075) implies that a one stan-
dard deviation increase in teacher test score value-added would increase
high school graduation by 1.86 x 0.075 = 0.139 percentage points. This
is very close to the estimated magnitudes—suggesting that the results are
reasonable.

Column 2 presents the teacher effects on high school graduation us-
ing teacher value-added on both the behavior index and test scores. Given
that the two are weakly correlated, the point estimate for test score value-
added remains largely unchanged. Conditional on a teacher’s behaviors
value-added, increasing test score value-added by one standard deviation
increases high school graduation by 0.118 percentage points, and condi-
tional on a teacher’s test score value-added, increasing a teacher’s behaviors
value-added by one standard deviation increases high school graduation by
1.46 percentage points (p-value < .01). The linear relationship between
a one standard deviation increase in behaviors and graduation in table 2
(15.8 percentage points) multiplied by the estimated standard deviation

* Specifically, I estimate the following two equations:

4
Y = Xy + 8+ (Qufesst) + 8 Sy + g, (b)

d=1
4
Neiist = Q.X; + 6. - (Qlﬁu‘sl,ﬂ) + 0. - (Q‘Zﬂhchavinr,//) + deld + Vigjst - (o)
d=1

I compute the variance of the fitted values for each teacher from both models. In models
without behaviors the value-added, i.e., (b), this is @ = var(é; - (0iftw, ), and in models
with teacher value-added on both, i.e., (c¢), this is

b = var [81 : (Qlﬂlen,ﬂ) + 82 : (QZﬁbeha\‘ior.ﬂ)}-

The percentage increase in explained variance from also including behaviors value-added
(vs. using their test score value-added alone) is 100 x [(b+ a) — 1].
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of teacher behaviors value-added in table 3 (0.0769) implies that a one
standard deviation increase in a teacher’s behaviors value-added would in-
crease students’ high school graduation by 15.8 x 0.0769 = 1.215 per-
centage points. This is very close to the estimated magnitudes, suggesting
that the results are reasonable and that the magnitudes are plausible. Com-
paring the estimated teacher-level variability in high school graduation
from the fitted models with both value-added estimates to those using only
test score value-added, including behaviors value-added increases the ex-
plained variance of teacher effects on graduation by 305 percent, that is,
more than quadruples the variance of the identifiable teacher effect on
high school graduation. This is consistent with results by Chamberlain
(2013), who finds that test score value-added may account for less than
one-fifth of the overall effect of teachers on college going.

Column 4 presents the results from a conditional logit specification to
more accurately reflect the binary outcome. The estimated coefficient es-
timates are presented, with standard errors below in brackets, and the av-
erage marginal effects are presented in parentheses below that.** In mod-
els with teacher value-added on both test scores and behaviors, increasing
test score value-added by one standard deviation increases high school grad-
uation by 0.2 percentage points (p-value > .1), and increasing the teacher’s
behaviors value-added by one standard deviation increases high school grad-
uation by 3.31 percentage points (p-value < .01). Even though the linear
and nonlinear models yield somewhat different marginal effects, they are
on the same order of magnitude and have overlapping 95 percent con-
fidence intervals. To put these effect sizes into perspective, consider the
following back-of-the-envelope calculation. In the linear model, increas-
ing a teacher’s behaviors value-added by one standard deviation increases
high school graduation by 1.46 percentage points, on average. The average
teacher has 54.5 students a year. According to the Bureau of Labor Sta-
tistics (US Department of Labor 2016), completing high school is asso-
ciated with $11,000 higher annual earnings. Assuming this difference is
causal, increasing high school graduation rates by 1.46 percentage points
would increase annual earnings by roughly $160 per year per student. This
figure multiplied by 54 students is $8,670 higher cohort earnings each
year. Assuming this increase stays the same each year for 40 years, at a
7 percent discount rate, this translates into $126,286 in present discounted
lifetime earnings per year of students taught. Even though some of the
raw differences in earnings assumed in this rough calculation may reflect
selection, under most reasonable assumptions regarding the economic

* Because the conditional logit model conditions on track, marginal effects cannot be
estimated directly. The reported marginal effects are approximate and are computed as-
suming that the track effects are equal to zero.
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benefits of completing high school, the estimated effects are economically
important.

The other measure of school completion is high school dropout. High
school dropout is notoriously difficult to measure (Tyler and Lofstrom
2009) so that the effects will likely be muted. However, it is helpful to
show that the same patterns hold for both high school graduation and
high school dropout. Column 7 shows that, on average, a one standard
deviation increase in teacher test score value-added reduces the likeli-
hood of dropping out by 0.03 percentage points, and a one standard de-
viation increase in teacher behaviors value-added reduces the likelihood
of dropout by 0.4 percentage points (p-value <.05). While the point es-
timates from the linear model are smaller than those for graduation, the
implied marginal effects from the conditional logit model are similar
across the two outcomes. In models with value-added on both test scores
and behaviors (col. 9), a one standard deviation increase in teacher value-
added on test scores and behaviors reduces the likelihood of dropout by
0.12 and 2.71 percentage points, respectively. As with high school gradu-
ation, including teachers’ behaviors value-added increases the explained
teacher-level variance in dropout by 326 percent. The consistency across
both measures of school completion suggests that the estimated effects re-
flect real changes in human capital acquisition. Note that if teachers af-
fectskills not captured by test scores or the behaviors (which is likely), the
estimates presented may still understate teachers’ full effect on longer-
run outcomes.™

One may worry that the results presented thus far could emerge even if
there were no improvement in skills or improvement in behaviors if some
teachers are easy graders or are less likely to report students’ poor behavior.
To assuage such concerns, I present the same set of results using the ninth-
grade teacher’s value-added on tenth-grade GPA instead of the ninth-
grade behaviors (cols. 3,5, 8, and 10). While the standard errors are larger,
the parameter estimates are almostidentical to those using value-added on
ninth-grade behaviors. In the linear models that include teacher test score
value-added, a one standard deviation increase in teacher value-added on
tenth-grade GPA is associated with a 1.46 percentage pointincrease in high
school graduation and a 0.3 percentage point reduction in high school
dropout. Ninth grade teachers’ reporting or grading biases do not influ-
ence students’ tenth-grade GPA. As such, the results presented are not me-
chanical or driven by reporting bias and reflect teachers either inducing

* Asmentioned in Sec. III, these causal effects may reflect a pure skill effect or a behavioral
effect due to improved behaviors themselves. If the behavioral effects (such as being in class
more often directly causing students to stay in school) are larger for the noncognitive proxies
than for test scores, it could partially explain why behaviors value-added predict larger impacts
on dropout and graduation than test score value-added. Irrespective of the mechanism, the
effects are causal and the larger impact of behaviors value-added is policy relevant.
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real improvement in student skills or promoting productive behaviors that
improve students’ longer-run outcomes.*

A, Testing the Identifying Assumptions

The first identifying assumption is that students are randomly assigned
to teachers conditional on observables.”” To present evidence that this
condition is satisfied, I first implement a test for selection on observables
(app. G). I show that conditional on eighth-grade outcomes and con-
trols for tracks, teacher value-added estimates are unrelated to their stu-
dents’ predicted dropout and predicted graduation (weighted indices of
parental education, gender, and ethnicity and seventh-grade math scores,
reading scores, grade repetition, suspensions, and absences). To test for se-
lection on unobservables within school cohorts, I follow Chetty etal. (2014b)
and exploit the statistical fact that the effects of any selection among stu-
dents within a cohort at a given school will be eliminated by aggregating
the treatment to the school year level and relying only on cohort-level var-
iation across years within schools. That is, if value-added estimates merely
capture selection within school cohorts, then the arrival of a teacher who
increases the average teacher estimated value-added for a cohort but has
no effect on real teacher quality should have no effect on average student
outcomes for that cohort. Conversely, if the value-added estimates reflect
real impacts, differences in average estimated teacher value-added across
cohorts (driven by changes in teaching personnel within schools over
time) should be associated with similar outcome differences as similar dif-
ferences in estimated value-added across individual students within co-
horts. To test for this, I implement instrumental variables models that
use only variation across cohorts within a school (app. G). The main find-
ings are robust to using the clean variation across cohorts. In sum, I find
no evidence of selection bias so that the first identifying assumption is
likely valid.

The second identifying assumption is that, conditional on observables,
the quality of a student’s teacher in one subject is unrelated to the quality

* Appendix F presents results using teacher value-added on each behavior individually.

Teacher value-added on individual behaviors have the expected signs, and many are statis-
tically significant. Because eighth-grade GPA is imperfectly measured, I show that the re-
sults are robust to using teacher value-added on an index that excludes GPA as a skill mea-
sure entirely. In sum, app. F shows that the value-added on no single behavior drives the
effects and that it is the shared variability across the behaviors (which I posit is due to non-
cognitive skills).

*” Rothstein (2010) argues that teacher value-added models may be biased because stu-
dents within a cohort within a school may select (or be assigned to) teachers on dimensions
that are unobserved by researchers. However, Kane and Staiger (2008), Kane et al. (2013),
Chetty et al. (2014b), and Bacher-Hicks, Kane, and Staiger (2015) show that teacher value-
added exhibits no appreciable bias in experimental and quasi-experimental data.
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of that student’s teachers in other subjects. I test this assumption in two
ways (app. G). First, for each student I correlate the estimated math and
English teacher value-added. The correlation between the math and En-
glish teacher test score value-added is .008, that for math and English
teacher behaviors value-added is .0078, and that for math and English
teacher effects tenth-grade GPA value-added is .0087. In a regression pre-
dicting the math teacher’s value-added as a function of the English teach-
er’s value-added, all coefficients are close to zero and all have p-values
larger than .1. I also test whether the main results are robust to the inclu-
sion of fixed effects for the other subject teachers and school-by-year
fixed effects (to account for subject teachers other than math and En-
glish).* Linear probability models that include other subject teacher
fixed effects and school-by-year fixed effects are almost identical to those
that do not. This is consistent with no conditional correlation between
the quality of teachers across subjects, suggests that the empirical strategy
isolates the contribution of the individual teachers, and suggests that the
second identifying assumption is valid.

B.  Effects on Other Outcomes and Predictors
of Longer-Run Success

While high school dropout and graduation are the main longer-run out-
comes in this study, I present effects of ninth-grade teachers on a few in-
termediate outcomes and measures of college going (table 7). I focus at-
tention on the impacts of teachers’ behavior value-added conditional on
test score value-added. Consistent with the graduation and dropout re-
sults, conditional on teachers’ test score value-added, a one standard de-
viation increase in behaviors value-added increases enrolling in tenth
grade by 2 percentage points (p-value <.1), increases tenth-grade GPA
by 0.013 grade points (p-value < .1), increases SAT taking by 1.16 per-
centage points (p-value <.1), increases the likelihood of reporting plans
to attend a 4-year college after high school graduation by 1.03 percent-
age points (p-value < .05), and increases graduating high school GPA
by 0.0214 points (p-value <.01). The one outcome for which behaviors
value-added adds no explanatory power is total SAT score (which is af-
fected by a teacher’s test score value-added).

Similarly to the patterns for high school completion, including teachers’
behaviors value-added increases the identifiable teacher-level variance by
793 percent for tenth-grade enrollment, 33 percent for tenth-grade GPA,
305 percent for graduation, 326 percent for dropout, 228 percent for SAT
taking, 193 percent for 4-year college intentions, and 607 percent for high

* Taugment eq. (12) to include indicator variables for each math (or English) teacher
when predicting the impact of the English (or math) teachers on longer-run outcomes.
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school GPA. The lower panel presents results using value-added on tenth-
grade GPA to assuage concerns regarding reporting biases and mechani-
cal effects. The results are less precise but similar to those found using
ninth-grade behaviors value-added. In sum, teachers’ behaviors value-
added improve the ability to identify teachers who improve a variety of
longer-run outcomes considerably.*

C. Possible Policy Uses of Effects on Behaviors

I briefly discuss potential applications of teacher behaviors value-added
to policy making. One possibility would be to identify observable teacher
characteristics associated with behaviors value-added and select teachers
with these characteristics. To determine the scope of this type of policy,
I regress the behavior index on observable teacher characteristics while
controlling for school tracks, year effects, and student covariates (app., ta-
ble I1). While observable teacher characteristics predict effects on test
scores, none of the observable teacher characteristics—years of teaching
experience, full certification, teaching exams scores, regular licensing,
and college selectivity (as measured by the 75th percentile of the SAT
scores at the teacher’s college)—are significantly related to behaviors.*
However, this does not preclude the use of more detailed teacher infor-
mation to better predict teacher effects on a broad range of skills.
Another policy application is to provide incentives for teachers to im-
prove behaviors. However, because some of the behaviors can be “im-
proved” by changes in teacher behavior that do not improve student
skills or behaviors (such as inflating grades and misreporting misconduct),
attaching external stakes to the behavior index may not improve student
skills. There are three feasible solutions to this “gameability” problem. One
possibility is to find measures of noncognitive skills that are difficult to ad-
justunethically. For example, classroom observations and student and par-
ent surveys may provide valuable information about student skills not mea-
sured by test scores and are less easily manipulated by teachers. One could
attach external incentives to both these measures of noncognitive skills
and test scores to promote better longer-run outcomes. Another approach
is to provide teachers with incentives to improve the behaviors of students
in their classrooms the following year, when the teacher’s influence may

* An exploration of differences by subjectis presented in app. H. Overall one cannot reject
the null hypothesis of no differences across subjects at traditional levels of significance.

1 The lack of an experience gradient may seem surprising. However, test-based account-
ability creates incentives to improve test scores but not behaviors. As such, one might ex-
pect an experience gradient for test scores but not for the behavior index. In fact, if teach-
ers can improve test scores by expending less effort on improving behaviors, one might
observe a positive experience gradient for test scores and a negative one for behaviors.
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still be present, but the teacher can no longer manipulate student behav-
iors (as in Carrell and West [2010] and Figlio, Schapiro, and Soter [2015]).
A final solution is to identify teaching practices that improve behaviors
and provide incentives for teachers to engage in these practices. Such ap-
proaches have been used successfully to increase test scores (Allen et al.
2011; Taylor and Tyler 2012). In sum, the teacher effects on the behaviors
used in this study can be useful for policy.

VII. Conclusions

This paper extends the traditional test score value-added model of teacher
quality to allow for the possibility that teachers affect a variety of student
outcomes through their effects on both students’ cognitive and noncogni-
tive skills. In this model, teachers may have effects on skills that affect
longer-run outcomes, are not reflected in test scores, but are reflected
in other skill measures. I use an index of behaviors to proxy for noncog-
nitive skills and find that ninth-grade teachers have meaningful impacts
(i.e., value-added) on both test scores and these behaviors. While test scores
and behaviors are positively correlated, value-added on behaviors explain
significant variability in teacher impacts on high school graduation and drop-
out that are not captured by their test score value-added. Adding teachers’
behaviors value-added more than doubles the identifiable teacher-level
variability on longer-run outcomes such as high school graduation, SAT
taking, and intentions to attend college.

Importantly, to ensure that these patterns reflect real improvement in
overall skills, rather than simply reflecting mechanical effects due to grade
inflation or reporting bias, I document that teachers who improve behav-
iors also improve longer-run outcomes that have no mechanical relation-
ship with the behaviors such as SAT taking or tenth-grade GPA. Moreover,
to rule out any mechanical effects, I show that I can replicate all the main
patterns using ninth-grade teachers’ value-added on tenth-grade GPA (for
which there should be no mechanical bias due to reporting or grade infla-
tion). I also presentseveral tests indicating that the effects are real. Overall,
the results highlight the fact that using non—test score skill measures (i.e.,
behavior measures) to proxy for important noncognitive skills can be fruit-
ful in evaluating teachers specifically and human capital interventions
more broadly.

The results provide hard evidence that teacher effects on test scores
capture only a fraction of their impact on human capital. Further work
is needed to derive measures of those important skills that are not well
captured by standardized tests and difficult for teachers to manipulate.
The patterns presented suggest that the resulting gains in student skills
and overall well-being may be considerable.
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