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Abstract
We use panel data in Washington State to study the extent to which teacher assignments between
fourth and eighth grade explain gaps between advantaged and disadvantaged students—as defined by
underrepresented minority status (URM) and eligibility for free or reduced price lunch (FRL)—in their
eighth grade math test scores and high school course taking. We find some significant gaps between
advantaged and disadvantaged students in the value added of the teachers to which they are assigned
in these grades, although gaps in middle school grades are sensitive to the specification of value added.
We then show that teacher assignments are highly predictive of both eighth-grade test scores and
advanced course taking in high school, and that differences between advantaged and disadvantaged
students in teacher assignments explain significant portions of student outcome gaps. In the case of
eighth-grade test scores, the URM/non-URM gap drops by more than 15% and the FRL/non-FRL gap
drops by more than 20% when we control directly for teacher assignments. That said, the reduction in
the achievement gap is more modest when we control for measures of teacher value added that do not
control for classroom characteristics (8% and 9%, respectively), while gaps actually increase slightly
when we control for measures of value added that control for classroom characteristics. These patterns
are qualitatively similar and even larger in magnitude when we consider the number of advanced math
courses taken in high school as the outcome.
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1.

Introduction
There is a significant and growing body of evidence showing that disadvantaged students,

typically measured by race/ethnicity or economic status, tend to be assigned to less credentialed and
effective teachers.1 Evidence of these teacher quality gaps (TQGs) has garnered high-level policy
attention. Inequities in the distribution of measures of teacher quality across student subgroups has
factored into the ruling in several educational adequacy lawsuits (e.g., Leandro, 1997). Additionally, as
part of the U.S. Department of Education’s Excellent Educators for All Initiative, all states were required
in 2014 to create new Comprehensive Educator Equity Plans designed to reduce inequity in the
distribution of teacher quality across public schools (Rich, 2014).
The argument for focusing on teacher equity is simple: a large body of empirical evidence shows
that teachers have significant effects on students’ test performance, educational attainment, and
noncognitive outcomes, as well as long-term impacts on later life outcomes such as employment
probabilities and labor market earnings.2 The large impacts of teachers, combined with evidence of a
considerable amount of heterogeneity in teacher effectiveness (Koedel et al., 2016; Nye et al., 2004;
Rivkin et al., 2005), arguably make teachers the key schooling variable influencing the equality of
educational opportunity.
In this paper, we document the extent to which teacher assignments in Grades 4–8 are
associated with eighth grade math test scores and high school course taking. To our knowledge, this is

1

Teacher quality gaps between advantaged and disadvantaged students show up whether teacher quality is measured
by degrees, experience, or advanced credentials (e.g. Clotfelter et al., 2005; Goldhaber et al., 2015, 2018; Kalogrides
and Loeb, 2013; Lankford et al., 2002) and/or by value-added measures of teacher effectiveness (e.g., Goldhaber et
al., 2015, 2018; Isenberg et al., 2016; Sass et al., 2012).
2
See, for instance: Aaronson et al. (2007), Bacher-Hicks et al. (2014), Goldhaber and Hansen (2013), Jacob et al.
(2010), Kane et al. (2013), and McCaffrey et al. (2009) on the effects of teachers on student test performance;
Gershenson (2016), Kraft (forthcoming), and Jackson (forthcoming) on teacher effects on noncognitive outcomes
(e.g., student absences); and Chamberlain (2013) and Chetty, Friedman, and Rockoff (2014b) on their effects on
longer-term outcomes (e.g., college-going behavior, labor market outcomes, etc.).
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the first empirical evidence relating teacher value added in these grades to student course taking in high
school. We also document teacher quality gaps between advantaged and disadvantaged students in
these grades and related gaps in student math test achievement and advanced course taking. Finally, we
explore the extent to which teacher assignments appear to explain these test and course-taking
outcome gaps between advantaged and disadvantaged students.
Consistent with prior evidence (e.g., Betts et al., 2003; Clotfelter et al., 2009; Reardon, 2011), we
find large gaps between traditionally advantaged and disadvantaged students in student math
achievement in both the third and eighth grades, as well as significant differences in the number of
advanced math courses students take while in high school that also align with historical figures (e.g.,
Gamoran, 1987; Lee, 2002). For instance, third grade math test scores for underrepresented minority
(URM) students—defined as American Indian, Black, or Hispanic—are about 0.6 standard deviations
lower than those of non-URM students, and this gap remains in eighth grade math test scores. These
gaps are consistent for students eligible for free or reduced-price lunch (FRL) in third and eighth grade.
Similarly, URM and FRL students are 15 and 20 percentage points less likely to take any advanced math
courses in high school compared to non-URM and non-FRL students, respectively.
We explore the extent to which these persistent gaps might be explained by teacher quality
gaps (TQGs) across grades using models that directly account for the assignment of students to
particular teachers in Grades 4–8 and models that use estimates of value added as a measure of the
quality of teachers to which students are assigned in these grades. As it turns out, the value-added
measures of TQGs are somewhat sensitive to the specification of the value-added model. There is little
difference in the estimates of the TQGs at the elementary level whether or not value-added models are
specified with classroom-level covariates; for example, we find teacher quality gaps in fourth and fifth
grade whereby FRL students have teachers about 0.02–0.03 and 0.013–0.017 standard deviations below
non-FRL students, respectively, regardless of value-added model specification. But the estimates of
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TQGs in Grades 6–8 are sensitive to the specification of the value-added model. For example, in eighth
grade, teacher quality gaps estimated using specifications controlling for classroom characteristics
suggest that FRL students have higher-quality teachers than non-FRL students, whereas models that do
not include classroom controls suggest that FRL students have lower-quality teachers, again by about
0.03 standard deviations.
Finally, we demonstrate the importance of teacher assignment in models predicting end of
eighth grade test scores and high school course taking. Models that directly control for teacher
assignments suggest that the teachers to whom a student is assigned in Grades 4–8 explain about 16%
and 21% of the eighth-grade math achievement gaps between advantaged and disadvantaged students
and about 33% of the gaps in the number of advanced math courses taken in high school. Value added
of the teachers to whom students are assigned explains a modest portion of these gaps—between 8%
and 9% of gaps in eighth grade math achievement and number of advanced math courses taken—
although value added does account for about half of the total effect of teacher assignments. We further
show the importance of the value-added model specification because value-added measures that
include classroom controls suggest that assignment to higher-quality teachers increases the gap
between advantaged and disadvantaged students in math achievement and has almost no effect on
gaps in advanced math course taking, in contrast to models that directly control for teacher assignment.
The remainder of the paper is organized as follows. In Section 2, we provide background on
prior empirical evidence about student achievement gaps, teacher quality gaps, and the impact of
teachers on subsequent student outcomes. We describe our data and analytic approach in Section 3,
present results in Section 4, and offer concluding thoughts in Section 5.

3

2.

Background on the Importance of Teacher Quality and Distribution
This study connects two different strands of literature. The first strand deals with the inequities

between advantaged and disadvantaged students in achievement and, often, in access to educational
resources. The second is related to the import of teacher quality in explaining future student test and
other academic (and nonacademic) outcomes. As we describe below, there is relatively little work
linking these two strands.
Considerable prior evidence documents persistent gaps in test achievement (e.g., Betts et al.,
2003; Clotfelter et al., 2009; Reardon, 2011) and high school advanced course taking (e.g., Gamoran,
1987; Kelly, 2009; Lee, 2002) between advantaged and disadvantaged students. For instance, Clotfelter
et al. (2009) document substantial achievement gaps in North Carolina by student race that largely
persist from Grades 3 through 8 (e.g., gaps of about 0.8 standard deviations between Black and White
students and about 0.5 standard deviations between Hispanic and White students in math). Likewise,
Kelly (2009) finds that White students in the National Education Longitudinal Study are about 60% more
likely to take an advanced class in high school than Black students. Given these gaps in K–12 outcomes,
it is not surprising that disadvantaged students are far less likely to graduate high school, attend college,
and graduate from college than more advantaged students (e.g., Aud et al., 2011; Kena et al., 2015).
Evidence suggests that advanced high school math course taking, specifically, can have effects
on students’ college readiness and attainment in general, and on success in college math courses, in
particular. For example, Long et al. (2012) find that students taking advanced math courses were more
likely to enroll in 4-year colleges rather than 2-year colleges even among those taking advanced courses
in one or more other subjects. Rose and Betts (2004) find a similar positive effect of algebra and
geometry courses on earnings even after controlling for course taking in other subjects. Math course
taking in high school also predicts readiness for college-level math courses (Long, et al., 2009) and
increases the likelihood of choosing a STEM major in college (Federman, 2007). Further evidence

4

illustrates that substantial portions of URM/non-URM and FRL/non-FRL gaps in readiness for collegelevel math courses (Long et al., 2009), earnings (Rose and Betts, 2004), and URM/non-URM gaps in rates
of STEM degree completion (Tyson, et al., 2007) can be explained by math course taking in high school.
There is some evidence that differences in teacher quality between advantaged and
disadvantaged students may explain some portion of the above achievement gaps.3 A significant
amount of evidence shows teacher qualifications (e.g., experience and degrees) are inequitably
distributed across students (Betts et al., 2003; Clotfelter et al., 2005; Lankford et al., 2002). More recent
evidence has buttressed these findings (Kalogrides and Loeb, 2013) and also shows that there tend to be
inequities when teacher quality is measured based on value added as well (Goldhaber et al., 2015, 2018;
Isenberg et al., 2016; Sass et al., 2012). In particular, prior work in Washington State (Goldhaber et al.,
2015, 2018), the setting of this study, illustrates the magnitude and consistency of these gaps.
Specifically, Goldhaber et al. (2015) find that URM and FRL students tend to be assigned to teachers who
are .02 to .05 standard deviations less effective in value added than their more advantaged peers in
elementary, middle school, and high school, while Goldhaber et al. (2018) report that these teacher
quality gaps have been consistent over the past decade.
There are good reasons to believe that TQGs have an impact on student achievement gaps.
Evidence shows that teachers have significant effects on students’ test performance (e.g., Aaronson et
al., 2007; Bacher-Hicks et al., 2014; Goldhaber and Hansen, 2013; Kane et al., 2013; Kane & Staiger,
2008; McCaffrey et al., 2009), noncognitive outcomes (e.g., Gershenson, 2016; Kraft, forthcoming;
Jackson, forthcoming), and longer-term educational attainment (e.g., Chamberlain, 2013; Chetty et al.,
2014b). Importantly, while teachers’ impacts on test achievement and noncognitive outcomes are only
weakly correlated with their impacts on noncognitive outcomes (e.g., Kraft, forthcoming), teacher value

3

There is a broader literature on whether schools or resources more generally help explain gaps (e.g., Hubbard,
2017; Jackson et al., 2016; LaFortune et al., 2016). Here we focus more narrowly on teacher quality, which is the
most important schooling factor predicting student achievement (e.g., Rivkin et al., 2005).
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added to student test achievement is quite predictive of students’ long-term outcomes (e.g., Chetty et
al. [2014b] find that higher value-added teachers influence later student outcomes like teen pregnancy,
college attendance, and earnings).
On the other hand, studies also tend to find that the test score gains induced by teachers in one
grade dissipate, or “fade out,” in later grades. Specifically, estimates of the persistence of value added
across grades suggest that 50–60% of teacher’s value added is no longer detectable in terms of student
test achievement 2 years after students have had a teacher, and upward of 80% has faded out after 3
years (Chetty et al., 2014a; Jacob et al., 2011; Kane and Staiger, 2008; Kinsler, 2012; Konstantopoulos &
Chung, 2011; Lockwood et al., 2007; McCaffrey et al., 2004; Rothstein, 2010).4
To our knowledge, this is the first paper to link the above literature strands by exploring the
extent to which teacher quality gaps appear to explain subsequent achievement and outcome gaps
between advantaged and disadvantaged students. In the next section, we describe the data and analytic
approach that allow us to connect these different strands of prior research.

3.

Data, Measures, and Analytic Approach

3.1.

Data
For our analysis, we use 11 years of administrative student-level data from Washington,

provided by the Washington State Office of Superintendent of Public Instruction (OSPI). In 2005–06, the
state began annual testing in both math and reading in Grades 3–8, which means that we observe both
current and prior test performance for students in Grades 4–8 from 2006–07 through 2015–16. There

4

One possible explanation for fade out is that teachers facing test-based accountability pressure focus more
narrowly on students’ test taking skills, crowding out some deeper learning that may be important for students’
success in higher grades, college, or the workforce (Corcoran et al., 2011). There are, however, less pernicious
explanations for fade out, such as variation in test content across grades and test scaling effects (Cascio and Staiger,
2012).
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have been two test regime changes over this time period: the state transitioned from the Washington
Assessment of Student Learning (WASL) to the Measures of Student Progress (MSP) in 2009–10, and
then to the Smarter Balanced Assessment (SBA) in 2014–155; see Backes et al. (2018) for evidence that
estimates of teacher value added are largely unaffected by these test regime changes. We standardize
all test scores across all test takers within grade and year to ensure that scores are comparable across
years.
Between 2006–07 and 2008–09, we link students in Grades 4–6 in elementary schools to their
classroom teachers through a proctor field in the state assessment file.6 Since the 2009–10 school year,
students can be linked to their teachers using a unique classroom ID in the state's CEDARS database.7
For all school years, the student database contains additional information on individual student
background variables including gender, race/ethnicity, learning disability status, and free or reducedprice lunch eligibility, as well as participation in the following programs: gifted/highly capable; limited
English proficiency (LEP); and special education. These student-level variables are used as control
variables in all our models, and two variables—whether the student is American Indian, Black, or
Hispanic (i.e., underrepresented minority, URM) or is eligible for free or reduced-price lunch (FRL)—are
our primary measures of student disadvantage. All years of data are also merged to the state’s S-275
database, which contains information from OSPI’s personnel-reporting process and includes school
assignments of all certified employees in the state and the experience level of these employees.
3.2.

Measures

5

About one-third of schools in the state participated in a pilot of the SBA in 2013–14, and the state did not collect
test scores from students in these schools for this school year. Thus, current test scores are missing for students in
these schools in 2013–14, and prior test scores are missing for students in these schools in 2014–15.
6
The proctor of the state assessment was used as the teacher-student link for at least some of the data used for
analysis. The “proctor” variable was not intended to be a link between students and their classroom teachers so this
link may not accurately identify those classroom teachers.
7
CEDARS data include fields designed to link students to their individual teachers, based on reported schedules.
However, limitations of reporting standards and practices across the state may result in ambiguities or inaccuracies
around these links.
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Value-Added Estimates
Our measure of teacher quality is based on value-added models that seek to isolate the
contribution of individual teachers to student test score gains. The value-added model specifications we
utilize rely on the value-added framework estimation that is described in Chetty et al. (2014a) because
the value-added estimates from this specification have been validated as an out-of-sample predictor of
both short-term and long-term student outcomes (Chetty et al., 2014a, 2014b).8 Specifically, we use the
following procedure in each grade from 4 through 8.9 First, we create a residualized test score for each
student i with teacher j in year t by estimating the following regression:
𝑌𝑖𝑗𝑡 = 𝛼𝑗 + 𝛿𝑌𝑖(𝑡−1) + 𝛾𝑋𝑖𝑡 + 𝜀𝑖𝑗𝑡

(1)

In the model in equation 1, the outcome variable 𝑌𝑖𝑗𝑡 is the student’s standardized test score in year j;
our primary analysis focuses on student math performance. The predictor variables include: 𝑌𝑖(𝑡−1) , a
vector of prior test scores in math and reading; 𝑋𝑖𝑡 , a vector of student and/or classroom characteristics
in year t; and a teacher fixed effect 𝛼𝑗 . We use the estimated coefficients 𝛿̂ and 𝛾̂—which are estimated
from within-teacher variation due to the presence of the teacher fixed effect in equation 1—to create
the residualized test scores:
∗
𝑌𝑖𝑗𝑡
= 𝑌𝑖𝑗𝑡 − 𝛿̂ 𝑌𝑖(𝑡−1) − 𝛾̂𝑋𝑖𝑡

(2)

∗
𝑌𝑖𝑗𝑡
can be interpreted as a student’s residual test score adjusting for the student’s prior performance

and observable characteristics.
We then use the mean residual scores for teacher j in year t, ̅̅̅
𝑌𝑗𝑡∗ , to calculate the teacher valueadded estimates. We first calculate forecasting coefficients, 𝜓𝑠 , where s is the number of years between
the observed school year and the forecasting target:

8

We replicate this specification using the vam STATA package (Stepner, 2013).
We estimate all models separately by grade because the models described in Section 3.4 consider value-added in
different grades as separate predictors.
9

8

∗
̅̅̅
̅̅̅∗̅ 2
𝜓 = arg min ∑𝑗(𝑌
𝑗𝑡 − ∑𝑠≠𝑡 𝜓𝑠 𝑌𝑗𝑠 )

(3)

{𝜓𝑠 }

In other words, we estimate the forecasting coefficients to minimize the mean-squared error of the
forecasts (see Chetty et al. [2014a] for additional details).
Finally, we use the estimates 𝜓̂𝑠 from equation 3 and the mean residual scores ̅̅̅
𝑌𝑗𝑡∗ to calculate
teacher value added in year t:
𝜏̂𝑗𝑡 = ∑𝑠≠𝑡 𝜓̂𝑠 ̅̅̅
𝑌𝑗𝑡∗

(4)

The estimates 𝜏̂𝑗𝑡 produced by this procedure are “leave-one-out” or “jackknife” estimates of teacher
value added in that they use data on students linked to a teacher in all years other than year t to
estimate value added in year t. While this is essential for the predictive models described in Section 3.4,
teachers who are linked to students in only one year do not have a value-added estimate, which has
implications for the analytic sample described in Section 4.3.10
Within the framework described above, we calculate four different specifications of value
added. First, we estimate models that do and do not include aggregated characteristics of a student’s
classmates in the vector 𝑋𝑖𝑡 in equations 1 and 2. The objective in estimating value added is to get a
causal estimate of the contribution that teachers make toward student achievement that is separate
from the individual and joint influence of student background characteristics, but it is difficult to
separate the influence of a student’s peers from inequities in teacher quality across different types of
classrooms (Zamarro et al. 2015). This is reflected in the fact that prior work has shown that estimated
teacher quality gaps can be sensitive to the inclusion of these covariates (Goldhaber et al., 2016;
Isenberg et al., 2016).
Unfortunately, it is difficult to know outside of an experiment whether these differences are
because models without classroom controls misattribute peer effects to differences in value added

As discussed in Chetty et al. (2014a), the estimates 𝜏̂𝑗𝑡 are implicitly shrunken by the forecasting coefficient
estimates 𝜓̂𝑠 , and thus no additional corrections for measurement error are necessary.
10

9

across different types of classrooms, or because models with classroom controls over-control for the
influence of these peer effects and remove true differences in teacher quality across different types of
classrooms (Goldhaber et al., 2016; Isenberg et al., 2016). As discussed above, the peer effects are
identified by within-teacher variation in classroom characteristics, but this model could over-control for
peer effects if, for example, teachers who teach both advantaged and disadvantaged classes in the same
year have different expectations for different types of classrooms or put more effort into their
advantaged classes.11 Given that we find substantial differences in estimated teacher quality gaps in
middle school grades depending on whether the model controls for classroom covariates (see Section
4.3), and prior work has validated estimates from both types of specifications (Chetty et al., 2014a; Kane
et al., 2013), we present all results in this paper separately for specifications that do and do not control
for these classroom covariates.
Second, we estimate models that do and do not account for a teacher’s experience in year t.
This is important given evidence of substantial returns to early-career teaching experience (e.g. Kraft
and Papay, 2014; Ladd and Sorenson, 2017; Rivkin et al., 2005; Rockoff, 2004) and the fact that prior
work in Washington suggests that disproportionate assignment to novice teachers explains about onethird of the teacher quality gap in elementary grades (Goldhaber et al., 2018). Specifically, we create a
vector of teacher indicators 𝐸𝑥𝑝𝑗𝑡 for whether a teacher has 1, 2, …, 8 years of experience or 9 or more
years of experience in year t (0 years of experience is the reference category). In these “experienceadjusted” VAMs, this vector is first included in the first-stage regression:12

11

Zamarro et al. (2015) use simulated data to show that that models with and without classroom covariates both
understate true TQGs when there is limited variability in classroom composition and weak peer effects, and that
classroom covariate models understate the true TQGs more. It is possible that these classroom covariates are picking
up tracking (both informal and formal) within schools. We estimate models that control for formal tracking (e.g.,
advanced and remedial courses) and find very similar results. See Gershenson et al. (2016) for recent evidence about
variation in teacher expectations for different students.
12
In Appendix Table A1, we report the coefficients on each of the teacher experience dummies from this regression.
The estimated returns to the first 9 years of experience range from 0.049 standard deviations in eighth grade to 0.143
standard deviations in sixth grade, and are comparable to other estimates in the literature.

10

𝑌𝑖𝑗𝑡 = 𝛼𝑗 + 𝛿𝑌𝑖(𝑡−1) + 𝛾𝑋𝑖𝑡 + 𝜃𝐸𝑥𝑝𝑗𝑡 + 𝜀𝑖𝑗𝑡

(5)

The estimates from model 5 are then used to calculate the residualized test scores:
∗
𝑌𝑖𝑗𝑡
= 𝑌𝑖𝑗𝑡 − 𝛿̂ 𝑌𝑖(𝑡−1) − 𝛾̂𝑋𝑖𝑡 − 𝜃̂𝐸𝑥𝑝𝑗𝑡

(6)

We can then use equations 3 and 4 to calculate the value-added estimates 𝜏̂𝑗𝑡 . However, this estimate
accounts for teacher experience in all years other than year t, when what matters is the teacher’s
experience in year t (i.e., the year in which the student had the teacher). As a last step, therefore, we
add back in the expected returns to experience to the estimates 𝜏̂𝑗𝑡 :
𝐸𝑥𝑝

𝜏̂𝑗𝑡
𝐸𝑥𝑝

We refer to the estimates 𝜏̂𝑗𝑡

= 𝜏̂𝑗𝑡 + 𝜃̂𝐸𝑥𝑝𝑗𝑡

(7)

as “experience-adjusted value-added estimates,” and produce these

estimates both with and without classroom controls.
Advanced Mathematics Courses
In an effort to consider longer-term outcomes other than test performance, we follow prior
work in Washington (Goldhaber et al., 2017) and use the CEDARS student schedule files to create a
measure of advanced math course taking in high school. We define high school courses as “advanced”
following the procedure described in Gottfried (2015), which relies on a taxonomy outlined in Burkham
et al. (2003).13 In our primary results, advanced math courses include trigonometry, statistics,
precalculus, and higher courses. Our longitudinal data allow us to track the first two cohorts of third
graders (i.e., third graders in 2005–06 or 2006–07) through all four years of high school, so we create
two measures for students in these cohorts who are observed in all four years of high school: an
indicator for whether the student took an advanced math course in high school; and the number of
advanced math courses the student took in high school.
3.3.

Analytic Samples

13

At the high school level, courses are classified via state course codes and state course names. In cases where a
course is not mentioned in Burkham et al. (2003), we use out best judgment to determine which level a course aligns
with, and delete observations in schools with all missing state course names.
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We create two different analytic samples. The first, which we refer to as the “eighth-grade
achievement sample,” includes six cohorts of students that were enrolled in the third grade in 2005–06
through 2010–11, and for whom we observe their eighth-grade math test score, a baseline third-grade
math score, information about URM and third-grade FRL status, and who are matched to at least one of
their teachers in Grades 4–8. Students are matched to teachers who have a full-time teaching
appointment in a single school within a given year and, in the case of value added, teachers for whom
we can estimate value added based on 10 or more students in a classroom. We exclude from the valueadded estimates student-year observations in which students are matched to multiple teachers in a
year.
The second analytic sample, which we refer to as the “high school course-taking sample,”
includes two cohorts of students who were enrolled in the third grade in 2005–06 or 2006–07, and for
whom we observe all four years of high school and at least one teacher in Grades 4–8.14 We require
students to be observed for all four years of high school in order to be included in the high school
sample so that dropout is not confounded with course taking, but this decision likely means that our
estimated relationships between teacher quality and course taking represent a lower bound if more
effective teachers both have a positive impact on course taking and a negative impact on the probability
of dropout.
After these restrictions, the eighth-grade achievement sample includes 330,539 student
observations and 36,729 teacher-year observations (11,194 unique teachers), and the high school
course-taking analytic sample includes 104,001 student observations and 12,829 teacher-year
observations (7,874 unique teachers). Table 1 shows the implications of the above restrictions.
Specifically, we report descriptive statistics for the unrestricted (column 1) and the two analytic samples

14

Note that while the overwhelming proportion of students in the high school course-taking sample graduate from
high school, about 93%, graduation from high school is not a requirement to be in this sample.
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(columns 2–6 for the eighth grade achievement sample and 7–11 for the high school course-taking
sample) across all the cohorts in each subsample.
Students in the restricted sample appear somewhat less disadvantaged than those in the
unrestricted samples. For example, in comparing the unrestricted sample means to the eighth grade test
sample (column 1 compared to column 2), we see that the students in the full analytic sample (column
2) are slightly less likely to be URM or FRL students, have substantially higher third grade math and
reading test scores (by about 2–3% of a standard deviation), and are less likely to be English language
learners or receive special education services.15 The differentials are generally even more stark between
the unrestricted and high school course-taking samples (column 1 compared to column 7), which is not
surprising given that disadvantaged and lower achieving students are less likely to make it all the way
through high school (e.g., Heckman & LaFontaine, 2010). Given the significant differences between the
unrestricted and analytic samples, it is important then to note that the findings in this paper may not
generalize to the entire population of students in these cohorts.
Table 1 also shows large differences in the baseline characteristics and achievement of the
different subgroups of students in our sample. Both URM and FRL students are more likely than other
students to be designated as having a learning disability or to be an English language learner. And they
have far lower baseline achievement levels. Indeed, consistent with other evidence (e.g., Betts et al.,
2003; Clotfelter et al., 2009), we see large gaps in the third grade between URM and non-URM and FRL
and non-FRL students; these are in the neighborhood of 0.60 to 0.65 standard deviations on the thirdgrade tests. Moreover, the magnitudes of the eighth-grade math test score gaps are about as large they
were in the third grade, indicating that disadvantaged students who stay in Washington do not
substantially catch up with more advantaged third grade students.16 Not surprisingly, given the
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Note that student test scores are standard normalized within the unrestricted sample.
The finding that disadvantaged students do not catch up with their more advantaged peers while enrolled in school
is consistent with Betts et al. (2003) and Clotfelter et al. (2009). Note, however, it is unclear whether this means that
16
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significant difference in eighth-grade achievement, there are also large gaps in the number of advanced
courses that students take while in high school: non-URM students on average take about 75% more
advanced courses than URM students, and non-FRL students on average take about twice as many
advanced courses as FRL students.17
There is also prima facie evidence that students are assigned to very different teachers. For
example, disadvantaged students are more likely than advantaged students to have a novice teacher—
one who has two or fewer years of teaching experience—in each grade from fourth through eighth
grade. While not reported in Table 1, they are also more likely to repeatedly, across grades, have lessexperienced teachers. For instance, URM students are 50% more likely than non-URM students to have
two or more novice teachers in fourth through eighth grade; and FRL students are 25% more likely than
non-FRL students to have two or more novice teachers. These findings are notable since early career
teaching experience is strongly predictive of teacher effectiveness (e.g. Kraft and Papay, 2014; Ladd and
Sorenson, 2017; Rivkin et al., 2005; Rockoff, 2004).18 This also emphasizes the need (discussed above) to
account for teacher experience in the value-added models so that we properly account for the fact that
disadvantaged students are more likely to have teachers at a point in their careers when they are less
effective.
Table 2 reports the correlation in teacher effectiveness estimates across the value-added
specifications that include or exclude classroom covariates by grade. Consistent with Goldhaber et al.
(2013), we find very high correlations across the two specifications, although the correlations are

these subgroups of students are stalling (or falling behind) in terms of their mathematical knowledge or skills. Casio
and Staiger (2012), for instance, suggest that comparing where students fall in the test distribution across grades may
fail to capture differences in accumulated knowledge due to the fact that tests sample a wider distribution of
knowledge over time. On the other hand, Hill et al. (2008) show that students tend to gain less in standard deviation
terms in higher grades, which suggests that a given achievement gap in 8th grade is actually larger than the
comparable achievement gap in 3rd grade because it represents more learning at that grade level.
17
As is shown in the table, disadvantage students are also substantially less likely to take any advanced math course.
18
Goldhaber et al. (2015) also find differences in the licensure test scores of teachers assigned to advantaged and
disadvantaged schools in Washington.
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notably lower at the middle school level, particularly in the seventh grade where the correlation is 0.88
as opposed to more 0.98 in elementary grades. This could indicate that peer effects are more important
in middle schools, or that there is systematically more sorting of students into classrooms according to
teacher effectiveness. As we described above, it is not possible with nonexperimental data to distinguish
the degree to which these two explanations might explain the differences in the estimates generated
from the different value-added specifications.
Given the relatively high correlations across specifications, one might expect little sensitivity in
the estimates of the value-added teacher quality gaps (TQGs) between advantaged and disadvantaged
students, but this turns out not to be the case in some grades. We illustrate this in Table 3, which
reports differences between disadvantaged and advantaged students in mean teacher value added by
grade and value-added specification. At the elementary level, there is relatively little difference in the
estimates of TQGs regardless of whether we utilize classroom covariate-adjusted or experience adjusted
specifications to generate the value-added measures. In these grades, the estimated TQG is in the
neighborhood of -0.01 to -0.03 standard deviations of student achievement on the student math test.
These gaps are roughly equivalent to one half to two-thirds (depending on the gap used and the grade
of the teacher; see Appendix Table A1) of the return to having a teacher with a year of experience as
opposed to a first-year teacher; the estimates are also consistent with prior estimates from other states
like Florida (Sass et al., 2010), Massachusetts (Cowan et al., 2017), and North Carolina (Goldhaber et al.,
2018).
But at the middle school level, and in Grades 7 and 8 in particular, the estimated gaps are quite
sensitive to the value-added specification. For each grade, the estimated value added TQG is larger
when using value-added estimates that do not include classroom level covariates then when using
value-added estimates that do include classroom covariates. This is true for both URM and FRL gaps and
regardless of whether we do not account for teacher experience (column 1 vs. column 2) or use value-
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added estimates that account for the experience level of teachers at the time that they taught students
in the sample (column 3 vs. column 4). In fact, the value-added measure with classroom covariates
suggest that the TQGs favor both URM and FRL students in seventh and eighth grades (i.e.,
disadvantaged students are assigned to more effective teachers in these grades).
By contrast, there is little difference in the estimated TQGs when we adjust for teacher
experience. This is likely because, while Table 1 shows gaps in exposure to novice teachers, only about
5% of teachers in the analytic sample have two or fewer years of experience, and thus the experience
adjustment does not change the overall gaps substantially. Given that the TQG is sensitive to whether
the value-added estimates include classroom covariates, but not to whether we adjust for teacher
experience, henceforth we only report findings from the two different experience-adjusted value-added
specifications (with and without classroom covariates).
3.4.

Analytic Approach
The central goal of our analytic models is to estimate the extent to which teacher assignments

between fourth and eighth grade explain gaps between advantaged and disadvantaged students in their
eighth grade math test scores and high school course taking. We do this by first estimating models that
predict these outcomes as a function of observable student characteristics, and then estimating models
that also include controls for the student’s teacher assignments between fourth and eighth grade. We
then use the differences between the estimated achievement gaps from these two models to estimate
the extent to which student achievement gaps would change if we could make the assignment of
teachers completely equitable.
Specifically, our baseline model that does not account for teacher characteristics is the
following:
𝐴𝑖 = 𝛼0 + 𝛼1 𝑈𝑅𝑀𝑖 + 𝛼2 𝐹𝑅𝐿3𝑖 + 𝛼3 𝑋𝑖 + 𝜀𝑖
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(8)

In equation 8, the outcome 𝐴𝑖 is either the student’s eighth grade test score or the number of advanced
courses they take in high school. We estimate these outcomes as a function of the student’s URM
indicator 𝑈𝑅𝑀𝑖 , the student’s third-grade FRL indicator 𝐹𝑅𝐿3𝑖 , and a vector of student controls 𝑋𝑖 that,
in different specifications, may include third grade test scores and other observable third grade
characteristics (e.g., special education or gifted status). We opt only to control for third-grade student
characteristics because observed characteristics may be endogenous to the teacher measures we
introduce in later specifications.19
We then add controls to the model in equation 8 that account for the teachers to whom the
student was assigned in Grades 4–8. In our first specification that does this, we define the vector 𝜌𝑖𝑔 as
an indicator for the student’s teacher in Grades 4–8 (i.e., g=4,...,8), and we directly control for the
sequence of teachers to whom the student was assigned in Grades 4–8 by including 𝜌𝑖𝑔 as fixed effects
in the model.20
𝐴𝑖 = 𝛽0 + 𝛽1 𝑈𝑅𝑀𝑖 + 𝛽2 𝐹𝑅𝐿3𝑖 + 𝛽3 𝑋𝑖 + ∑8𝑔=4 𝜌𝑖𝑔 + 𝜀𝑖

(9)

We are primarily interested in the differences between the estimated coefficient 𝛼̂1 from equation 8
and the estimated coefficient 𝛽̂1 from equation 9, and between the estimated coefficient 𝛼̂2 from
equation 8 and the estimated coefficient 𝛽̂2 from equation 9. These differences tell us the extent to
which the regression-adjusted achievement gaps between URM and FRL students are explained by the
assignment of students to teachers in Grades 4–8.
The model in equation 9 has the advantage of accounting for all the ways that a sequence of
teachers may affect future outcomes but it is perhaps not very useful from a policy perspective because

For example, teachers may influence students’ program placements (e.g., special education and gifted) in
subsequent grades. This endogeneity may not apply to FRL status in later grades (i.e., teacher assignment should not
generally affect whether a student receives free or reduced-price lunch) and in models available upon request, we
estimate all specifications including FRL status in third through eighth grade.
20
We also control for teacher experience indicators in these models to account for returns to teaching experience,
but estimates from models that do and do not include these experience controls are nearly identical.
19
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it is difficult to imagine designing an intervention that influences the entire sequence of teachers to
whom a student is assigned in Grades 4–8. Moreover, it is likely necessary to have some measure of
teacher quality that is used to determine teacher assignments. The teacher value-added estimates
described in Section 3.2 offer an observable teacher characteristic on which policy makers could
plausibly intervene to close achievement gaps. Thus, we estimate a second variant of equation 8 that
includes teacher value-added in Grades 4–8 as predictors:
𝐴𝑖 = 𝛾0 + 𝛾1 𝑈𝑅𝑀𝑖 + 𝛾2 𝐹𝑅𝐿3𝑖 + 𝛾3 𝑋𝑖 + ∑8𝑔=4 𝛾𝑔 𝜏̂ 𝑖𝑔 + 𝜀𝑖

(10)

In the model in equation 10, the estimated coefficients 𝛾̂𝑔 can be interpreted as the partial correlation
between the value added of the student’s teacher in grade g and the outcome 𝐴𝑖 . As before, we are
interested in the differences between the estimated coefficient 𝛼̂1 from equation 8 and the estimated
coefficient 𝛾̂1 from equation 10, and between the estimated coefficient 𝛼̂2 from equation 8 and the
estimated coefficient 𝛾̂2 from equation 10. These differences tell us the extent to which the regressionadjusted achievement gaps between URM and FRL students are explained by the value added of the
student’s teachers in Grades 4–8.
Because only about 12% of students in the analytic sample are matched with a single math
teacher in every grade from fourth grade through eighth grade, we allow every student in the analytic
sample to contribute to the estimates in equations 8–10 by creating a vector of indicators in each grade
from Grades 4 through 8 of whether the student is matched to a teacher in grade g and including this
vector in all models (not just models that include teacher indicators or value added). This ensures that
differences in estimates across specifications are driven solely by the observed teachers or teacher
value-added and not by non-random patterns of missingness in the student-teacher links. We include a
school-by-grade indicator (or the mean value added for the school-grade cell) for students not linked to
a teacher in a given grade and year.
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We interpret the findings from the models described above as descriptive rather than causal
given that there are potential sources of bias in the estimates from each of these models. First, the
estimates from the model in equation 8 are likely biased because this model does not account for
differences in teacher assignments across students, and thus the inequities documented in Table 3 are
attributed to the student characteristics in the model. If URM or FRL students tend to be assigned to less
effective teachers (as suggested by all value-added estimates at the elementary level and the estimates
that do not control for classroom variables in middle school in Table 3), this biases the coefficients on
student URM and FRL down in these models. On the other hand, if URM or FRL students tend to be
assigned to more effective teachers (as suggested by the estimates that control for classroom variables
in middle school in Table 3), this biases the coefficients on student URM and FRL up in these models.
That said, this source of bias is not a major concern in our application because we are specifically
interested in how the coefficients change when we do and do not control for measures of teacher
quality.
A potentially bigger concern is whether the models that do control for teacher assignments are
still biased. Specifically, while the models in equations 9 and 10 control for teacher assignments, they
only control for students’ third grade characteristics. Thus the influence of any time-varying factors from
fourth through eighth grade that are correlated with teacher assignments (for the model in equation 9)
or with teacher value added (for the model in equation 10) are attributed to the teachers in these
models.21 It is therefore possible that the estimates from equations 9 and 10 may over-attribute
outcomes to teacher assignments.
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See Rothstein (2010) and Chetty et al. (2014a) for a more extensive discussion of this issue as it relates to value
added.
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4.

Results

4.1

Eighth-Grade Test Scores
Table 4 shows the coefficient estimates for various model specifications that predict students’

eighth-grade test scores. We begin with relatively sparse specifications that include only indicators for
URM and FRL (column 1), then add in baseline (end of third grade) math and reading test results
(column 2), then add to these baseline third-grade student characteristics (column 3),22 and finally
include measures of teacher quality: either direct controls for the teachers to whom students were
assigned in Grades 4–8 (column 4); an estimate of teacher value added that does not include classroom
covariates (column 5); or an estimate of teacher value added that does include classroom covariates
(column 6).23
The results from column 1 reflect large differences in end-of-grade eighth grade math
achievement by URM and FRL status, about -0.3 and -0.5 standard deviations on the eighth grade test.
These achievement gaps are somewhat smaller than the magnitudes of the gaps reported for these
subgroups of students in Table 1 because of the overlap between the two groups in URM and FRL status.
Controlling for baseline third-grade test scores (column 2) shrinks these gaps considerably, by 0.24
standard deviations for URM and by 0.30 standard deviations for FRL. Put another way, 63% to 75% of
the achievement gaps in eighth-grade math achievement appear to be associated with differences
between students’ third-grade achievement levels. The addition of student baseline covariates (column
3) has little effect on these gaps.24

22

As described in Section 3.4, in some specifications we add a vector of fourth grade classroom controls, but these
results, available upon request, are strikingly similar to the results that only include third grade student
characteristics so we omit them for the sake of brevity.
23
Note that the additional information about the covariates included in these models is reported in notes at the
bottom of the table.
24
In results not reported but available upon request, we also experiment with adding fourth grade classroom
covariates to the models. This addition has little impact on the URM, FRL, third grade test coefficients. We also
estimate all models including FRL indicators for third through eighth grade. Patterns with these models are identical
to those discussed; however, the coefficient on FRL in third grade is about half as large as the specifications that do
not include FRL in additional grades. Including FRL indicators in additional grades has a little impact on the
coefficient on URM.
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Next, we turn to describing the specifications that account for the quality of teachers to which
students are assigned. Including indicators for teacher assignments in Grades 4–8 (column 4) leads to
small (compared to adding baseline student test scores), but significant reductions in the estimated
advantaged-disadvantaged gaps in eighth-grade achievement.25 Specifically, accounting for the fourth–
eighth grade assignment of teachers leads to a reduction of the URM coefficient of about 4% (-0.079 to 0.076) from the regression adjusted measure of the URM gap; the reduction in the FRL coefficient is
much larger (-0.187 to -0.107), about 43% less than the regression adjusted measure of the FRL gap.
Column 5 shows the findings when we replace the teacher indicators with teacher value added
(estimated without classroom covariates). The relationship between the value added of teachers across
all five grades and eighth-grade achievement are statistically significant and positive, but far larger in the
later grades, consistent with the notion that a significant portion of value added fades out over time.26 It
is also worth noting that the estimate of the effect of having a higher value-added teacher in the eighth
grade (1.035) is not statistically different than one and is within the range of estimates from Kane et al.
(2013).
As was the case with teacher indicators, the inclusion of value added in the model leads to a
reduction in the regression-adjusted achievement gaps, but the magnitude of the reduction is much
smaller for FRL (-0.187 to -0.148). The fact that value added captures far less of the full effect of
teachers could be a product of a downward bias of the coefficients due to measurement error in the
value-added estimates (e.g., Schochet and Chiang, 2010).27 Alternatively, this may reflect the fact that

25

Not surprisingly, an f-test of these teacher indicators suggests that they improve the explanatory power of the
model.
26
Our estimates of fadeout—that the predictive power of sixth grade value added about a third of the predictive
power of eighth grade value added on eighth grade test scores—are comparable to estimates of fadeout in teacher
effects estimated with different methodologies elsewhere in the literature (Chetty et al., 2014a; Jacob et al., 2011;
Kane and Staiger, 2008; Kinsler, 2012; Konstantopoulos & Chung, 2011; Lockwood et al., 2007; McCaffrey et al.,
2004; Rothstein, 2010).
27
Note that, if the model is correctly specified, the shrinkage embedded in the Chetty et al. specification should
account for measurement error.
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the measure fails to fully account for ways that teachers contribute to students—such as their impacts
on student “grit” (Kraft, forthcoming)—that, while not highly correlated with value added, may impact
their on future achievement.
In column 6, we report the results with the alternative measure of teacher value added that
adjusts for classroom covariates. As was the case with the first specification, the estimates suggest that
having a higher value-added teacher in each grade is beneficial for students’ eighth-grade achievement,
although there is some variation in the point estimates for specific grades across the two specifications.
However, unlike the case with the prior value-added estimates, the estimates that include classroom
covariate controls show that accounting for the quality of teacher assignment leads to increases in the
achievement gaps, represented by the fact that the coefficients on URM and FRL increase in column 6
relative to column 3. This finding is counterintuitive but is consistent with the finding reported above
that the classroom covariate specification of value added suggests that disadvantaged students tend to
be assigned to higher-quality teachers in Grades 7 and 8.28 As we discuss below, we believe the
dichotomy between what the two value-added specifications suggest about TQGs and eighth-grade
achievement has important implications about the validity of the specifications.
There are two reasons why we should be careful about not over-interpreting what the changes
in the estimated achievement gaps from any of these models mean for understanding how teacher
assignment influences the overall achievement gaps reported in Table 1. First, the coefficients in the
models that exclude teacher assignment (e.g. column) may be biased by this exclusion. Second, the
strong correlations between URM, FRL, and third grade baseline test scores suggest the changes to the
regression-adjusted gap measures may not reflect the changes to the overall gaps associated with
teacher assignment. This is discussed more extensively in Section 4.3 below.

28

Note that the coefficients on the import of value added predicting eighth grade achievement are much larger in
Grades 7 and 8, indicating that the estimated TQGs favoring disadvantaged students in those grades matter much
more than the earlier grade TQGs favoring advantaged students.
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4.2

High School Course Taking
The findings for models predicting advanced high school math course taking are reported in

Table 5. The structure of the table parallels that of Table 4. Columns 1–3 are sparse specifications,
column 4 adds a vector of teacher indicators, and columns 5 and 6 replace the vector of teacher
indicators with the two different value-added measures. Not surprisingly given the mean differences in
advanced course taking, URM students are estimated to take about 0.1 less math courses, and FRL 0.3
less, than students who don’t fall into those categories; these differences are about 11% to 33% of the
course-taking variable.29
As was the case with eighth-grade achievement, we observe that much of the raw advantageddisadvantaged student gaps in advanced math course taking in high school reported in column 1 is
explained by the inclusion of third-grade test scores. In fact, in the case of URM students, what was a
gap of about 0.1 courses favoring non-URM students in the unadjusted model (column 1) becomes a gap
of 0.03 advanced math courses favoring URM students when we control for third grade tests (column 2).
While the positive regression-adjusted gap for URM students may seem surprising, this finding is in line
with literature showing that, conditional on prior achievement and/or socioeconomic status, the gaps
between URM and non-URM students in educational attainment (e.g., Alexander et al., 1987; Alexander
et al., 1982; Bennett & Lutz, 2009; Bennett & Xie, 2003; Kane, 1994; Perna, 2000) and high school course
taking (Congar, et al., 2009) disappear or advantage URM students. Including additional student controls
(column 3) causes the gap favoring URM students to grow slightly, but, surprisingly, makes the
regression-adjusted gap for FRL students even more negative.
The findings when we consider teachers in the model (in both columns 4 and 5) are consistent
with the notion that being assigned to better math teachers (as measured by value added) in
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One concern with these course-taking models is that there may be substantial differences in the availability of
advanced math courses across different schools. We therefore estimate alternative specifications of the course-taking
models that include high school fixed effects and report these results in Appendix Table A2. These results are
qualitatively similar to the results discussed for Table 5.
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elementary and middle schools increases the number of advanced courses students take in high school.
Interestingly, the coefficients on value added do not increase monotonically by grade, as was the case
for eighth grade test achievement. This may reflect the fact that the skills acquired from teachers (or
encouragement from them) in some earlier grades tend to be as important or more important than
those acquired in later grades.30 The change in the coefficients on URM and FRL between columns 3 and
columns 4–6 all suggest that URM and FRL students would have done better with more equitable
teacher assignments, but the magnitudes of these changes are difficult to interpret. We return to an
estimate of the change in the overall gap in high school course taking in Section 4.3.
4.3

Estimating the Import of TQGs in Explaining Student Outcome Gaps
The estimates in Tables 4 and 5 show how the regression-adjusted gaps between disadvantaged

and advantaged students change between models that do and do not control for teacher assignments,
but it is difficult to relate these changes to changes in the overall gaps documented in Table 1. We
therefore use the estimates in Tables 4 and 5 to compare the average predicted outcomes for
advantaged and disadvantaged students under the different approaches to accounting for teacher
assignments.
We report the differences in these predicted outcomes between disadvantaged and advantaged
students in Table 6. While models in Tables 4 and 5 net out differences in student characteristics
between URM/non-URM and FRL/non-FRL students, the gaps in the predicted outcomes reported in
Table 6 account for differences in student characteristics between URM/non-URM and FRL/non-FRL
students and the returns to those student characteristics. These gaps in predicted outcomes better
reflect the observed gaps that are actually realized between URM/non-URM and FRL/non-FRL students
and how teacher assignments impact those observed gaps.

30

See, for instance, the relatively large coefficients on value added in the fifth grade as compared to the sixth.
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The estimates in column 1 of Table 6 are the average predicted gaps from the estimates in
column 3 of Table 4 (for Panel A) and column 3 of Table 5 (for Panel B) and are very close to the average
outcome gaps reported in Table 1 (as we would expect). The estimates in column 2 of Table 6 are
derived from the estimates in column 4 of Table 4 (for Panel A) and column 4 of Table 5 (for Panel B) and
show that the small changes in the regression-adjusted gaps in these tables translate into large changes
in the overall outcome gaps between advantaged and disadvantaged students. Specifically, the eighth
grade URM achievement gap drops from about 0.6 to about 0.5 in models that control for fourth
through eighth grade teacher assignments, while the eighth grade FRL achievement gap drops from
about 0.66 to 0.52. These changes represent 16% and 21% reductions in the overall achievement gap,
respectively. The percent reductions in the overall high school course taking gaps (Panel B of Table 6)
are even larger, about 33% for both URM and FRL gaps.
The estimates in column 3 of Table 6 are derived from the estimates in column 5 of Table 4 (for
Panel A) and column 5 of Table 5 (for Panel B) and show that accounting for teacher value added
without classroom controls in Grades 4–8 drops the predicted outcome gap between 6% and 8% for
both URM and FRL students and for both outcomes (eighth grade achievement and high school
advanced course taking). These decreases are more modest than the decreases resulting from directly
accounting for teacher assignments but do account for about half of the total relationship between
teacher assignments and students’ later outcomes. Moreover, the absolute drop in the overall
achievement gap for URM and FRL students—.04 and .06 standard deviations, respectively—are within
the range of estimates in Table A1 for the returns to the first year of teaching experience, and thus are
certainly educationally meaningful reductions. Finally, the estimates in column 6 of Tables 4 and 5, from
models including value added with classroom controls, suggest that test gaps narrowly increase and
course-taking gaps only narrowly decrease for both URM and FRL students.
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5.

Discussion and Conclusions
One of the most consistent goals of policy makers is identifying ways of eliminating or mitigating

the persistent gaps in student achievement between advantaged and disadvantaged students. While not
a focus of the paper, it is worth reiterating that our findings show that much of the gaps we observe in
eighth-grade tests and high school course taking can be explained by achievement differentials that
existed in the third grade. This suggests that policy makers wishing to alleviate later achievement gaps
either need to intervene earlier in a student’s academic career or be far more aggressive after the third
grade to address academic deficiencies.
In demonstrating gaps in student achievement and course taking, we provide further evidence
that gaps for FRL students are 1.5 to 2 times larger than those for URM students in regression-adjusted
models predicting eighth grade math achievement.31 And models predicting the number of advanced
math courses that control for third-grade test scores show a similar sharp reduction in the outcome gap
for FRL students, and a conditional advantage for URM students.
The estimates from models predicting student outcomes generally support the importance of
considering teacher assignment as one policy lever for addressing achievement gaps. Specifically, these
models predict that if URM and non-URM students had equivalent teachers throughout Grades 4–8,
gaps in eighth grade math test scores would be 16% smaller, while for FRL students the gap would fall by
21%. Our models predict that the reduction in the gaps would be even larger with respect to the number
of advanced math courses taken in high school, dropping by 33% for both URM and FRL students.
Our findings also provide more evidence that value-added measures of teacher quality are a
useful measure in that they predict not only later student test scores, but high school course taking as
well. Unfortunately, using value added as a lever for promoting equity is not as simple as it might seem,

31

This finding is consistent with research showing that the achievement gap between poor and non-poor students
has widened over time going from half the size of the Black-White achievement to nearly double the size (Reardon,
2011).

26

as we find that the conclusions from models that consider value added are somewhat sensitive to the
model specification. The results that consider value-added models that exclude classroom covariates are
more closely aligned with the findings that account for teacher quality directly through the inclusion of
classroom indicators. This, combined with the fact that the TQGs based on models without classroom
controls are consistent with observed gaps in teacher experience in middle school and observed gaps in
all measures in elementary school, suggests to us that the non-classroom covariate value added is likely
to be a more valid indicator of teacher quality for this application. Clearly, however, we need more
evidence on this issue—particularly at the middle school level where the two value-added teacher
quality measures diverge—as well as other issues such as the extent to which teachers in one subject
influence student outcomes in other subjects (e.g., Koedel, 2009).
When we consider our preferred specification of teacher value added, the models suggest that
about half of the influence of teachers on future test scores can be explained by the value added of
those teachers, while a quarter of teachers’ influence on high school course taking can be explained by
the value added of those teachers. This suggests that interventions intended to eliminate TQGs between
advantaged and disadvantaged students could have educationally meaningful impacts on student
achievement gaps.32 But while teacher quality gaps appear to be an important contributor to gaps in
longer-term student outcomes, eliminating them should not be viewed as a panacea for eliminating
student outcome gaps; for example, even taking our results as causal, no more than 10% of the eighthgrade achievement gap between FRL and non-FRL students can be explained by differences in the value
added of students’ teachers in fourth through eighth grade.

32

This finding is timely because equalizing teacher quality across student types is the focus of the Department of
Education’s Excellent Educators for All Initiative in 2014, which required all states to create plans to reduce equity
gaps in education. For instance, strategies included improving teacher preparation and cultural competency;
providing financial incentives for effective teachers, often targeted at teachers in majority-minority and/or highpoverty schools; providing teacher preparation programs or school districts with data on teacher performance of
newly certified teachers or teachers moving in or out of schools and districts to aid in staffing decisions; or
developing strategies to recruit new teachers, including minority teachers, to reduce teacher shortages. A few use
value added; New Mexico, for instance, provides bonuses to highly effective teachers.
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Table 1. Student Baseline Summary Statistics
eighth Grade Achievement Analytic Sample
Unrestricted
sample
All
URM
non-URM
FRL
non-FRL
1
2
3
4
5
6
Baseline characteristics
URM student
0.258
0.256
1.000
0.000
0.447
0.106
Third-Grade FRL
0.449
0.441
0.769
0.328
1.000
0.000
-0.000
0.032
-0.421
0.188
-0.316
0.307
Third-Grade Math Score
(1.000)
(0.977)
(0.934)
(0.942)
(0.931)
(0.923)
0.000
0.026
-0.408
0.176
-0.328
0.306
Third-Grade Reading Score
(1.000)
(0.976)
(0.936)
(0.945)
(0.940)
(0.912)
Female
0.490
0.492
0.495
0.491
0.495
0.490
Third-Grade Special Education
0.127
0.118
0.124
0.116
0.141
0.100
Third-Grade English Language Learner
0.094
0.096
0.278
0.033
0.190
0.021
Third-Grade Gifted
0.030
0.029
0.009
0.036
0.009
0.045
N
437123
330539
84744
245795
145811
184728
Teacher experience
Fourth Grade <= 2 Years Experience
0.048
0.051
0.065
0.047
0.056
0.048
Fifth Grade <= 2 Years Experience
0.038
0.040
0.050
0.037
0.045
0.036
Sixth Grade <= 2 Years Experience
0.034
0.037
0.043
0.034
0.038
0.035
Seventh Grade <= 2 Years Experience
0.041
0.044
0.055
0.040
0.049
0.039
Eighth Grade <= 2 Years Experience
0.038
0.044
0.052
0.042
0.047
0.042
Outcomes
0.042
0.066
-0.374
0.218
-0.301
0.356
Eighth-Grade Math Score
(0.989)
(0.978)
(0.880)
(0.965)
(0.896)
(0.943)
N
344537
330539
84744
245795
145811
184728
Any advanced math course in HS
0.419
0.408
0.292
0.443
0.279
0.489
Number of advanced math courses in
0.631
0.597
0.393
0.659
0.372
0.739
HS
(0.877)
(0.843)
(0.692)
(0.874)
(0.672)
(0.906)
N
106525
97635
22605
75030
37667
59968
*NOTE: Sample sizes for teacher experience range from 223,938 in sixth grade to 265,400 in fifth grade.
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All
7

High School Course Taking Analytic Sample
URM
non-URM
FRL
non-FRL
8
9
10
11

0.225
0.379
0.095
(0.963)
0.084
(0.970)
0.499
0.105
0.091
0.031
104001

1.000
0.746
-0.402
(0.962)
-0.385
(0.961)
0.507
0.113
0.297
0.011
23438

0.000
0.273
0.240
(0.914)
0.221
(0.929)
0.496
0.102
0.030
0.037
80563

0.443
1.000
-0.289
(0.951)
-0.302
(0.960)
0.507
0.126
0.207
0.010
39464

0.092
0.000
0.330
(0.892)
0.320
(0.898)
0.493
0.092
0.019
0.044
64537

0.068
0.048
0.024
0.046
0.038

0.082
0.057
0.026
0.061
0.048

0.064
0.046
0.023
0.042
0.035

0.075
0.054
0.024
0.055
0.043

0.063
0.044
0.024
0.041
0.035

0.155
(0.959)
97635
0.421
0.634
(0.878)
104001

-0.279
(0.858)
22605
0.296
0.404
(0.706)
23438

0.286
(0.950)
75030
0.457
0.702
(0.912)
80563

-0.200
(0.882)
37667
0.285
0.385
(0.690)
39464

0.378
(0.939)
59968
0.504
0.787
(0.944)
64537

Table 2. Correlations Between VAM Estimates With and Without Classroom Controls
Grade 4
Grade 5
Grade 6
Grade 7
Correlation
0.992
0.983
0.971
0.883
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Grade 8
0.914

Table 3. Estimated Teacher Quality Gaps by Grade and VAM Specification
1
2
-0.029***
-0.025***
Grade 4
(0.001)
(0.001)
-0.012***
-0.009***
Grade 5
(0.001)
(0.001)
-0.030***
-0.003**
non-URM vs. URM
Grade 6
(0.001)
(0.001)
-0.025***
0.017***
Grade 7
(0.001)
(0.001)
-0.026***
0.003***
Grade 8
(0.001)
(0.001)
-0.031***
-0.025***
Grade 4
(0.001)
(0.001)
-0.017***
-0.014***
Grade 5
(0.001)
(0.001)
-0.033***
-0.000
non-FRL vs. FRL
Grade 6
(0.001)
(0.001)
-0.041***
0.006***
Grade 7
(0.001)
(0.001)
-0.030***
0.003***
Grade 8
(0.001)
(0.001)
VAMs include classroom controls
X
VAMs include experience adjustment
*NOTE: p-values from two-sided t-test: *p<.05; **p<.01; ***p<.001.
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3
-0.030***
(0.001)
-0.012***
(0.001)
-0.031***
(0.001)
-0.026***
(0.001)
-0.026***
(0.001)
-0.031***
(0.001)
-0.017***
(0.001)
-0.033***
(0.001)
-0.042***
(0.001)
-0.030***
(0.001)
X

4
-0.024***
(0.001)
-0.008***
(0.001)
-0.002*
(0.001)
0.017***
(0.001)
0.002***
(0.001)
-0.024***
(0.001)
-0.013***
(0.001)
0.000
(0.001)
0.006***
(0.001)
0.003***
(0.001)
X
X

Table 4. Regressions Predicting Eighth-Grade Math Performance
(1)
(2)
-0.319***
-0.083***
URM student
(0.007)
(0.005)
-0.477***
-0.177***
Third-Grade FRL
(0.007)
(0.004)
0.473***
Third-Grade Math Score
(0.003)
0.197***
Third-Grade Reading Score
(0.002)

(4)
-0.076***
(0.003)
-0.107***
(0.003)
0.400***
(0.002)
0.157***
(0.002)

Teacher Indicators

Fourth-Grade Teacher Value Added

(3)
-0.079***
(0.005)
-0.187***
(0.004)
0.455***
(0.003)
0.190***
(0.002)

Fifth-Grade Teacher Value Added
Sixth-Grade Teacher Value Added
Seventh-Grade Teacher Value Added
Eighth-Grade Teacher Value Added

(5)
-0.074***
(0.004)
-0.148***
(0.003)
0.436***
(0.002)
0.178***
(0.002)
0.048***
(0.011)
0.171***
(0.015)
0.344***
(0.015)
0.693***
(0.022)
1.035***
(0.026)
330539
X
X

(6)
-0.094***
(0.004)
-0.190***
(0.004)
0.449***
(0.002)
0.186***
(0.002)
0.080***
(0.012)
0.227***
(0.015)
0.415***
(0.016)
0.695***
(0.027)
1.025***
(0.031)
330539
X

N
330539
330539
330539
330539
Third-grade student controls
X
X
Value added without class controls
Value added with class controls
X
*NOTE: p-values from two-sided t-test: *p<.05; **p<.01; ***p<.001. All models also include indicators for missing teacher links in
Grades 4–8. Third-grade student controls include gender, gifted status, special education status, learning disability status, and English
Language Learner status. Standard errors clustered at the eighth-grade classroom level.
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Table 5. Regressions Predicting Number of Advanced Math Courses in High School
(1)
(2)
(3)
-0.102***
0.034***
0.045***
URM student
(0.011)
(0.010)
(0.010)
-0.333***
-0.174***
-0.188***
Third-Grade FRL
(0.011)
(0.008)
(0.008)
0.291***
0.276***
Third-Grade Math Score
(0.007)
(0.006)
0.079***
0.087***
Third-Grade Reading Score
(0.004)
(0.004)

Teacher Indicators

Fourth-Grade Teacher Value Added

(4)
0.027***
(0.007)
-0.127***
(0.006)
0.183***
(0.005)
0.060***
(0.004)

Fifth-Grade Teacher Value Added
Sixth-Grade Teacher Value Added
Seventh-Grade Teacher Value Added
Eighth-Grade Teacher Value Added

(5)
0.048***
(0.010)
-0.171***
(0.008)
0.266***
(0.006)
0.082***
(0.004)
0.139***
(0.032)
0.221***
(0.044)
0.043
(0.049)
0.484***
(0.060)
0.289***
(0.082)
104001
X
X

(6)
0.040***
(0.009)
-0.187***
(0.008)
0.271***
(0.006)
0.085***
(0.004)
0.148***
(0.032)
0.281***
(0.043)
0.070
(0.049)
0.381***
(0.074)
0.117
(0.090)
104001
X

N
104001
104001
104001
104001
Third-grade student controls
X
X
Value added without class controls
Value added with class controls
X
*NOTE: p-values from two-sided t-test: *p<.05; **p<.01; ***p<.001. All models also include indicators for missing teacher links in
Grades 4–8. Third-grade student controls include gender, gifted status, special education status, learning disability status, and English
Language Learner status. Standard errors clustered at the eighth-grade classroom level.
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Table 6. Predicted Outcome Gaps

Panel A. Student achievement in eighth grade
Predicted URM math achievement gap
Predicted FRL math achievement gap
Panel B. Number of advanced high school courses
Predicted URM advanced math courses gap
Predicted FRL advanced math courses gap

(1)

(2)

(3)
Under same
assignments by teacher
VA, no class controls

(4)
Under same assignments
by teacher VA, class
controls

Observed teacher
assignments

Under same teacher
assignments

-0.593
-0.657

-0.498
-0.519

-0.548
-0.596

-0.607
-0.662

-0.298
-0.402

-0.201
-0.265

-0.276
-0.374

-0.300
-0.400
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Table A1. Returns to Teacher Experience by Grade
Grade 4
Grade 5
Grade 6
0.067***
0.021***
0.071***
1 year
(0.005)
(0.006)
(0.006)
0.087***
0.059***
0.075***
2 years
(0.006)
(0.006)
(0.006)
0.098***
0.049***
0.091***
3 years
(0.006)
(0.006)
(0.006)
0.108***
0.060***
0.104***
4 years
(0.006)
(0.006)
(0.007)
0.113***
0.069***
0.109***
5 years
(0.006)
(0.006)
(0.007)
0.107***
0.071***
0.092***
6 years
(0.006)
(0.006)
(0.007)
0.109***
0.061***
0.119***
7 years
(0.007)
(0.007)
(0.007)
0.118***
0.067***
0.131***
8 years
(0.007)
(0.007)
(0.007)
0.120***
0.082***
0.143***
9 or more years
(0.007)
(0.006)
(0.007)
*NOTE: p-values from two-sided t-test: *p<.05; **p<.01; ***p<.001.
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Grade 7
0.065***
(0.006)
0.064***
(0.007)
0.086***
(0.008)
0.057***
(0.008)
0.091***
(0.008)
0.092***
(0.008)
0.068***
(0.008)
0.099***
(0.008)
0.087***
(0.008)

Grade 8
0.037***
(0.007)
0.035***
(0.007)
0.058***
(0.008)
0.041***
(0.008)
0.088***
(0.008)
0.073***
(0.008)
0.035***
(0.008)
0.053***
(0.009)
0.049***
(0.009)

Table A2. Regressions Predicting Number of Advanced Math Courses in High School with School Fixed Effects

URM student
Third-Grade FRL

(1)
-0.139***
(0.008)
-0.284***
(0.008)

(2)
-0.011
(0.007)
-0.153***
(0.006)
0.280***
(0.006)
0.081***
(0.004)

(3)
0.016**
(0.007)
-0.165***
(0.006)
0.266***
(0.005)
0.085***
(0.004)

(4)
0.020**
(0.008)
-0.119***
(0.007)
0.183***
(0.006)
0.060***
(0.004)

104001

104001

104001
X

104001
X

Third-Grade Math Score
Third-Grade Reading Score

Teacher Indicators

Fourth-Grade Teacher Value Added
Fifth-Grade Teacher Value Added
Sixth-Grade Teacher Value Added
Seventh-Grade Teacher Value Added
Eighth-Grade Teacher Value Added
N
Third-grade student controls
Value added without class controls
Value added with class controls

(5)
0.018***
(0.007)
-0.158***
(0.006)
0.258***
(0.005)
0.082***
(0.004)
0.094***
(0.018)
0.156***
(0.027)
0.125***
(0.030)
0.638***
(0.049)
0.310***
(0.057)
104001
X
X

(6)
0.015**
(0.007)
-0.164***
(0.006)
0.263***
(0.005)
0.084***
(0.004)
0.097***
(0.019)
0.196***
(0.027)
0.135***
(0.030)
0.482***
(0.061)
0.053
(0.063)
104001
X
X

43

