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We examine access to effective teachers for low-income students in 26 geographically dispersed
school districts over a 5-year period. We measure teacher effectiveness using a value-added model
that accounts for measurement error in prior test scores and peer effects. Differences between the
average value added of teachers of high- and low-income students are 0.005 standard deviations in
English/language arts and 0.004 standard deviations in math. Differences between teachers of
Black, Hispanic, and White students are also small. Rearranging teachers to obtain perfect equity
would do little to narrow the sizable student achievement gap between low- and high-income stu-
dents. We also show that a higher proportion of novice teachers in high-poverty schools contributes
negligibly to differences in access to effective teachers.
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INEQUALITY in educational outcomes is sub-
stantial and persistent in the United States.
Recent evidence suggests that students from
high-income families outperform those from
low-income families on achievement tests by
considerable amounts, and that this achievement
gap has widened over the past 30 years (Reardon,
2011). Inequality persists in long-term educa-
tional outcomes as well, with high-income stu-
dents more likely to attend college (Chetty,
Hendren, et al., 2014) and obtain college degrees
(U.S. Department of Education, National Center
for Education Statistics, 2014).

One possible explanation for the substantial
achievement gap is that high-income students may
attend better schools and have more effective
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teachers. Evidence shows that teachers vary a
great deal in their effectiveness (Kane et al., 2008;
Koedel & Betts, 2011). In addition, students taught
by the best teachers not only achieve higher test
scores but also have better outcomes in the long
run, including greater likelihood of college atten-
dance and higher wages (Chetty, Friedman, &
Rockoff, 2014a).

Under the Every Student Succeeds Act
(ESSA) of 2015, states are required to track
whether low-income students have equitable
access to effective teachers and develop plans to
ensure that “low-income and minority children
enrolled in [Title I] schools . . . are not served at
disproportionate rates by ineffective, out-of-
field, or inexperienced teachers” (ESEA Section


https://doi.org/10.3102/01623737211040511
https://us.sagepub.com/en-us/journals-permissions

1111(g)(1)(B)). ESSA also requires districts
receiving Title I, Part A funds to submit a plan
describing how they will curb these disparities
(ESEA Section 1112(b)(2)), and ESSA provides
funding for states and districts to address inequi-
table access to effective teachers, including the
use of funds provided under Title II, Part A
(ESEA Section 2101(c)(4)(B)(iii), SEA Section
2103(b)(3)(B)).

But it is not obvious that there are inequities in
access large enough to contribute meaningfully
to achievement gaps, whether defined as the dif-
ferences between income groups or between
Black and White students or Hispanic and non-
Hispanic White students. Although several past
studies have found that low-income students
generally have less qualified teachers than high-
income students—based on measures such as
years of teaching experience, teacher test scores,
certification status, and educational attainment
(Boyd etal., 2008; Clotfelter et al., 2007; Schultz,
2014)—this does not necessarily imply that they
also have substantially less effective teachers.
Most research has found no consistent link
between teachers’ effectiveness in increasing stu-
dent learning and these types of qualifications,
except for teaching experience (Constantine
et al., 2009; Hanushek & Rivkin, 2006; Harris &
Sass, 2011; Kane et al., 2008). And while low-
income, Black, and Hispanic students are more
likely to be taught by novices, the extent to which
this contributes to the student achievement gap is
unknown.

Recent studies have compared the effective-
ness of high- and low-income students’ teachers
based on value-added estimates. Most studies
find that teachers of low-income students and
teachers in high-poverty schools are less effec-
tive on average, but the magnitude of inequity is
usually modest, especially in the core subjects of
English/language arts (ELA) and math. The
most equitable results were obtained in Chetty,
Friedman, and Rockoff (2014b) and Steele et al.
(2014). Chetty, Friedman, and Rockoff (2014b),
using data from a large urban district, reported
that a US$10,000 increase in parental income is
associated with an increase in teacher value
added of 0.00084 standard deviations of student
achievement in ELA and math. Steele et al.
(2014) examined three school districts and a
charter school consortium and found that in two
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of the districts and the charter school consor-
tium, disadvantaged students (defined as being
both low-income and minority) have more effec-
tive teachers, though the differences are modest.
Three studies that used data from North Carolina
appear to find slightly more inequity. Sass et al.
(2012) measured differences in average value
added between high- and low-poverty elemen-
tary schools in Florida and North Carolina. The
authors defined high-poverty schools as those
with more than 70% of students eligible for a
free or reduced-price lunch (FRL). The differ-
ences in value added range from 0.019 to 0.044
for the two states. Mansfield (2015) reported a
difference of 0.03 between high schools in the
top and bottom poverty quartile in North
Carolina. This study combined information
across a range of end-of-course tests. Goldhaber
et al. examined access to effective teachers in
Washington state (Goldhaber et al., 2015, 2016b)
and, in one case, also in North Carolina
(Goldhaber et al., 2016a). In both states, across
ELA and math, in a given year, the average value
added of the teachers of FRL students is lower
than the average value added of teachers of non-
FRL students in a range that extends from about
0.025 to 0.035." Using a more geographically
dispersed sample of 10 large districts in six
states, Glazerman and Max (2011) found that
teachers in the top quintile of value added are
less common in high-poverty middle schools,
but equally present in high- and low-poverty
elementary schools. For example, 15% of math
teachers in the highest poverty middle schools
were highest performing, compared with 29% in
the lowest poverty schools.

Several studies also examined differences
between minority and nonminority students in
access to effective teachers, with a similar pat-
tern of findings to those that focused on students’
income status. Alternate ways of defining student
groups for measuring the difference in access to
effective teachers are likely to be correlated,
given the correlation between race, ethnicity, and
income. However, due to past and current dis-
crimination and segregation in housing and
schools for minority students, definitions based
on race and ethnicity are useful to examine apart
from strictly income-based differences in access.
Chetty, Friedman, and Rockoff (2014b) found
very small differences by race—Black and
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Hispanic students had teachers with value-added
scores 0.001 lower than White students, on aver-
age. Both Hanselman (2018) and Mansfield
(2015) found somewhat larger gaps by race, but
each concluded that these gaps contributed mod-
estly to overall differences by race in student
achievement. Goldhaber et al. (2015) found that
the average value added of fourth- and seventh-
grade teachers of underrepresented minority stu-
dents was 0.023 to 0.046 lower than those of
other students. Finally, Steele et al. (2015) com-
pared average teacher value added in a large,
urban, southern district across schools with dif-
ferent proportions of Black and Hispanic stu-
dents. When comparing schools in the top and
bottom quartile based on the proportion of minor-
ity students, differences in average value added
are 0.062 in ELA and 0.044 in math. The authors
found much larger gaps in science (0.188) and
social studies (0.163).

Two sets of questions emerge from this lit-
erature. First, how should one interpret the mag-
nitude of these findings? Most of the reported
differences are below 0.05 standard deviations
of student achievement and consider only dif-
ferences covering a single year. An effect of this
size would generally be considered small if it
were the impact of an educational intervention
implemented during a given period (such as a
year) like a grade-specific curriculum reform or
small-group pullout program. However, unlike
a typical intervention, if low-income students
are more likely to have less effective teachers
year after year, the key questions are how the
effect accumulates over time and what contribu-
tion it makes to the student achievement gap. In
this sense, the relevant comparison might be
with a whole-school intervention such as attend-
ing a charter school versus a traditional public
school, and considering multiple years is impor-
tant.? Previous research has not investigated the
longitudinal implications of low-income stu-
dents having less effective teachers over multi-
ple years. Second, what accounts for the
variation in results across studies? Are differ-
ences driven by variations across states and dis-
tricts in district policies, residential segregation,
and other real factors? Or are they mainly an
artifact of different statistical methods, espe-
cially in calculating value-added estimates to
measure teacher effectiveness?
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Our study adds to the literature on access to
effective teachers in three main ways:

1. We develop a method for measuring aver-
age differences between low- and high-
income students in access to effective
teachers—known as the effective teach-
ing gap (ETG)—and show how it can be
extended to answer further questions
beyond the average gap in 1 year. For
example, to put the ETG in perspective,
for a given distribution of students across
schools and a given distribution of teacher
value added, we calculate the maximum
possible difference in teacher effective-
ness between high- and low-income stu-
dents. This maximum ETG accounts for
how high- and low-income students are
distributed within and across schools. We
also estimate how large the ETG would
have to be to cut the student achievement
gap in half, and how much the student
achievement gap could be reduced by
providing equally effective teachers to
high- and low-income students over 5
years. In sum, these extensions of the
basic method give a better sense of the
magnitude of differences in access to
effective teachers than just providing a
single number. We also supplement our
main approach by using a variety of meth-
ods to document differences between
high- and low-income students.

2. While most of the past studies in this lit-
erature have focused on teachers in a
single district or single state,’ we use data
on teachers in 26 districts located in 15
states in all four Census regions, using
data from five school years (2008—2009
to 2012-2013). Thus, the estimates from
our analysis cover a broad range of dis-
tricts in different geographic areas and
operating under different conditions, and
the resulting estimates are less likely to
be influenced by idiosyncratic conditions
in a single large district or state. Another
advantage is that the sample allows us to
use a common approach to measure
access to effective teachers within each
district, which we use to assess regional
variations in access. In addition, to reconcile



differences in the literature, we supple-
ment our benchmark value-added model
with estimates from alternative models
and measure the degree to which the
results change.

3. Given the policy emphasis on differences
in the proportion of novice teachers
across low- and high-poverty schools, we
examine how these differences contribute
to differences in access to effective teach-
ers by decomposing the difference in
teacher effectiveness into (a) differences
in the likelihood of being taught by a nov-
ice teacher and (b) differences in being
taught by a more effective teacher,
accounting for differences in experience.

Based on our primary model of teacher value
added, we find very little evidence of inequity on
average or across the distribution of teachers at
various levels of effectiveness. To the contrary,
the data show nearly equal access to effective
teachers within the study districts, so rearranging
teachers in a district to obtain perfect equity
would do little to narrow the sizable student
achievement gap between low- and high-income
students. We find that within our sample, there is
meaningful variation in access to effective teach-
ers across regions of the United States but also
that methods matter—differences in access to
effective teachers are somewhat smaller in our
primary model in which teacher effectiveness is
measured with a value-added model that includes
peer effects, and are larger in a model that
excludes these peer effects. Finally, the differ-
ence in the likelihood that a low-income student
is taught by a novice teacher contributes a negli-
gible amount to differences in access to effective
teachers for low-income students.”

Data and District Context
Characteristics of Study Districts

We purposely selected 30 medium to large
districts from across the country to participate
in the study. We recruited districts with a mix of
low- and high-income students, as we planned
to measure differences in teacher effectiveness
between these two groups. We also targeted dis-
tricts with data linking teachers to the students
they taught. After obtaining data from 30
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districts, we ultimately included 26 districts in
our main analysis.’

Although we did not use a nationally repre-
sentative sample of districts, the districts were
chosen to be geographically diverse, with at least
three districts from each of the four U.S. Census
regions. The districts are large—with a median
enrollment of approximately 70,000 students—
and have high percentages of low-income and
minority students (Table 1). In the study districts,
63% of the students are FRL, 29% are Black, and
42% are Hispanic. These characteristics distin-
guish study districts from the typical district
nationally. The median U.S. district has an enroll-
ment of about 1,000 students. Nationally, 44% of
students are FRL, 17% are Black, and 22% are
Hispanic. Overall, the achievement levels of stu-
dents in the study districts lag the average
achievement levels of other students in their
respective states, with performance levels of the
average student in our sample at the 45th percen-
tile in ELA and at the 46th percentile in math.
The study districts are similar on most measures
to the 100 largest U.S. districts, a group that
includes many of the study districts. For exam-
ple, the largest U.S. districts have the same
median enrollment as the study districts (approx-
imately 70,000 students) and the percentage of
Black and English learner (EL) students differs
by no more than five percentage points from the
study districts.

Study districts differ from the 100 largest U.S.
districts in two main ways. First, study districts
are more urban—69% of the students live in
large cities compared with 46% in the 100 largest
districts—and have more low-income students,
with 63% FRL compared with 53% in the 100
largest districts. Second, study districts agreed to
participate in the study and could provide the
data needed to estimate value-added models. At
the time of district recruitment in spring 2011,
districts that could provide such data tended to
have more sophisticated and well-organized data
systems.

The poverty level of schools within study dis-
tricts is one important factor in determining the
potential for inequitable access to effective
teachers. If most schools in a district have the
same percentage of FRL students, for example,
then between-school access to effective teachers
will be equitable by definition. On average, there
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is substantial variation across schools in the per-
centage of FRL students. Overall, 38% of the
teachers teach in low-poverty schools (those with
less than 60% of FRL students), with 39% in
medium-poverty schools (60%—90%), and 23%
in high-poverty schools (more than 90%). There
is substantial variation across districts in this dis-
tribution. In eight districts, more than 60% of
teachers are in low-poverty schools with most of
the remainder in medium-poverty schools. In
seven districts at the other extreme, less than
20% of teachers are in low-poverty schools.

Data

The districts in our study provided data on
their ELA and math teachers in Grades 4 through
8 and their students. We collected data to mea-
sure access to effective teachers over a S-year
period: the 2008-2009 through 2012-2013
school years for 21 districts, and the 2007-2008
through 2011-2012 school years for five
districts.®

We collected students’ scores on state assess-
ments in ELA and math for Grades 3 through 8§,
student demographic characteristics, and teacher/
student course links. We converted all state
assessment data to z-scores based on the mean
and standard deviation of test takers in the state.
We excluded upper elementary teachers (Grades
4 and 5) in 14 of the 26 districts because they
provided data that linked elementary students to
their homeroom teacher rather than to specific
ELA and/or math teachers. Given that students in
these grades may not receive ELA and math
instruction from their homeroom teacher
(Isenberg et al., 2015), we could not ensure that
the homeroom teacher instructed students in both
subjects. In addition, we collected data on teacher
experience. For analyses that required data on
teachers’ experience, we used information on
teachers’ total teaching experience, not just their
experience in the district, which limited these
analyses to the 18 districts that could provide
data on total teaching experience.

Time Period

The 2008-2009 through 2012-2013 study
years were marked by a severe economic reces-
sion followed by a gradual recovery, with high
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unemployment by historical standards. Study
districts had an average unemployment rate of
8.2% during this period, which matched the
national average (U.S. Bureau of Labor Statistics,
2016). The average unemployment rate in study
districts increased sharply from 5.9% in 2008 to
9.7% by 2010—a consequence of the economic
downturn—and then decreased to 7.4% in 2013.
Amid these poor economic conditions, which
existed in tandem with tight state and local gov-
ernment budgets, 19 of the 26 districts laid off
teachers during the study years, usually based on
seniority (based on study interviews with district
staff). Although layoffs during the study period
increased involuntary attrition, high levels of
unemployment may have discouraged teachers
from leaving their positions voluntarily to seek
another teaching position or a job in another
field. Overall, however, it is not clear how this
context may have influenced low-income stu-
dents’ access to effective teachers, particularly
because it is not known whether more effective
or less effective teachers were more strongly
affected by these trends.

Student Achievement Gaps

Student achievement gaps by family income
in the study districts mirror those at the national
level. Among eighth-grade students in study
districts, the student achievement gap in ELA is
0.68 standard deviations of student achieve-
ment. This is equivalent to the typical low-
income student performing at the 36th percentile
on ELA state achievement tests, whereas the
typical high-income student is at the 63rd per-
centile, a gap of 26 percentile points (difference
due to rounding). The achievement gap in the
study districts in math is 0.63 standard devia-
tions, equivalent to 24 percentile points. The
eighth-grade student achievement gap, based on
the 2009 National Assessment of Educational
Progress (NAEP), is similar, whether measured
based on a national sample or a select group of
large U.S. cities. The achievement gap in eighth
grade is 27 percentile points in ELA and 28 per-
centile points in math for all U.S. districts, and
26 percentile points in ELA and 28 percentile
points in math in selected large city districts in
the United States. In fourth grade, the student
achievement gap is slightly larger than that in
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the eighth grade, at 28 percentile points in ELA
and 29 percentile points in math in study dis-
tricts, compared with 28 percentile points in
ELA and 30 percentile points in math in the
national sample.

Variation in Teachers’ Effectiveness

In general, the greater the variation in teach-
ers’ effectiveness, the greater the potential for
inequitable access—if all teachers were equally
effective, there could not be any difference
between the average effectiveness of teachers of
low- and high-income students. On average, in
our districts, the standard deviation of teacher
effects was 0.13 in ELA and 0.20 in math. This
suggests substantial variation in teacher effec-
tiveness that is consistent with the existing
research on value added (Kane et al., 2008;
Koedel & Betts, 2011).

Analytic Strategy

To determine whether low-income students
are taught by less effective teachers than high-
income students, we calculated the ETG in
each district by first estimating teacher value
added and then subtracting the average value
added of teachers of low-income students from
the average value added of teachers of high-
income students. We defined FRL students as
low income; all other students were defined as
high income.

Estimating Teacher Value Added

Our value-added model measures the effec-
tiveness of ELA and math teachers in Grades 4 to
8 in the study districts. We estimated separate
models for each combination of district, grade,
subject, and year. Because we are interested in
measuring the ETG, the value-added model
includes teacher fixed effects rather than teacher
random effects. This strategy avoids the assump-
tion of a random effects model that there is no
correlation between student characteristics and
teacher assignments. The extent to which student
characteristics and teacher assignments are cor-
related is, after all, the ultimate research question
we are investigating.” Conceptually, we esti-
mated the following model:
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In this equation, Y is the post-test score for
student i of teacher j, and P. represents test
scores for that student in ELA and math in the
prior year. The pretest scores capture prior inputs
into student achievement. As a measure of true
student ability, standardized tests contain mea-
surement error, causing standard regression
techniques to produce potentially biased esti-
mates of effective teaching. This occurs because
unadjusted coefficients on pretest scores are
likely to be attenuated due to measurement error,
which would cause the model to attribute too
little of a student achievement to past inputs and
thereby give too much credit or blame to the cur-
rent teacher for a student’s performance this
year. To address this issue, we implemented a
measurement error correction that uses the test/
retest reliability of the tests used in our value-
added models (Buonaccorsi, 2010). By netting
out the known amount of measurement error, the
errors-in-variables correction eliminates this
source of bias.

Additional control variables for individual
student background characteristics were included
inX, - while C,; represents the peer effects vari-
ables. We controlled for the following student-
level demographic characteristics: FRL status;
limited English proficiency; special education
status; gender; whether a student is Black;
whether a student is Hispanic, Native American,
multirace, or “other” race; and whether a student
transferred across schools during the year. We
also controlled for three peer effects: classroom
average same-subject test scores from the prior
school year, the standard deviation of the scores
within a student’s classroom, and the proportion
of FRL students in the classroom. T _represents a
set of binary indicator variables (one for each
teacher in the sample) that indicate whether stu-
dent i appeared on the roster of teacher j during
year . Finally, g; is an error term. The key
parameters are those included in the vector 0,
which are the value-added regression coefficients
for individual teachers.

We include peer effects—most importantly,
the average prior achievement of other students
in the classroom—for four reasons. First,
because the purpose of the control variables is
to account for the possibility of student sorting



into the classrooms based on their characteris-
tics, we follow the general principle of control-
ling for these characteristics to as great an
extent as possible (Koedel et al., 2015). Second,
estimates of the validity of value-added models
that include peer effects suggest little to no bias
in these models (Bacher-Hicks et al., 2014;
Chetty, Friedman, & Rockoff, 2014b; Rothstein,
2015), while one study found nontrivial bias in
school effectiveness estimates in a value-added
model that excluded peer effects (Angrist et al.,
2017). Third, the one study that examined bias
in various value-added model specifications
found less bias in a model that included peer
effects than in one that excluded these vari-
ables, although the difference was small
(Chetty, Friedman, & Rockoff, 2014b). Fourth,
a study that used simulated data found that a
model with peer effects outperformed a model
without peer effects in terms of correctly rank
ordering teachers as long as there were multiple
years of data available (Thompson & Guarino,
2017). That said, using within-teacher variation
in classroom characteristics to estimate peer
effects that are then applied to between-teacher
differences could lead us to understate or over-
state the influence of these characteristics.
Therefore, we test the sensitivity of the results
to the inclusion of peer effects.

We estimated this model in three steps because
(a) we used multiple years of data to estimate the
impact of peer effects on student achievement
but were interested in teacher value added from
each year separately and (b) we required an extra
step to obtain standard errors that are robust to
clustering. This process allowed us to account for
peer effects in our value-added estimates by
using cross-year, within-teacher variation in
classrooms, while also allowing us to estimate
separate effects for each teacher-year-grade com-
bination. Full details of the multistep estimation
strategy are given in the Appendix, available in
the online version of this article.

Given that we gain precision when measur-
ing the ETG by averaging together estimates for
many teachers (as explained in the next sec-
tion), we focus on measuring value added with
minimal bias. For this reason, we neither com-
bine value-added estimates for teachers across
years nor apply empirical Bayes shrinkage. The
first adjustment would bias the year-specific
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estimates, which is especially important for
teachers in the first few years of their career.
The second adjustment, by minimizing the
mean squared error, would introduce a source of
bias into the results.

However, for measuring differences in the
proportion of low- and high-income students
who have teachers at different percentiles of the
distribution of value-added estimates, we applied
empirical Bayes shrinkage as a final step using a
procedure outlined in Morris (1983). This
ensured that teachers of low-income students,
whose value-added estimates tend to be less pre-
cisely estimated, will not be more likely to
receive estimates that are in the tails of the distri-
bution by chance (Herrmann et al., 2016).

Measuring ETGs

After generating a value-added estimate for
each teacher, we linked each student to his or her
teacher’s value-added estimate. We then calcu-
lated a district’s ETG as the average value added
of the teachers of high-income (non-FRL) stu-
dents minus the average value added of teachers
of low-income (FRL) students. Teachers who
have both types of students in their classrooms
counted toward both averages in proportion to
the number of FRL and non-FRL students they
taught. We computed the district ETG using a
simple regression:

V]'kZQ-I-SFRij +ejk, (2)

where Vk is the value added of teacher j for a
partlcular group of students (k). Each teacher
contributed two observations for a given sub-
ject: one for FRL students (k = 0) and one for
non-FRL students (kK = 1). We regressed V on
FRL .- a binary variable that takes a Value of
one for a teacher’s non-FRL students and zero
for a teacher’s FRL students. That is, each
teacher had two observations, with V = VJO,
FRL;y =1, and FRL; =0. We “reversé coded”
FRL status so that a positive ETG would indi-
cate an ETG favoring non-FRL students. Each
observation was weighted according to the total
number of students of that type, where students
who spent less than a full year with the teacher
contribute an amount equal to the proportion of
the year they were taught by that teacher (their
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dosage). The estimated coefficient & measures
the estimated mean difference in effective
teaching between non-FRL and FRL students
in the district, with a positive o indicating that
non-FRL students have more effective teachers
on average. To compute an appropriate stan-
dard error that accounts for using two observa-
tions per teacher, we estimated the regression
using cluster-robust standard errors at the
teacher level (Arellano, 1987; Liang & Zeger,
1986). For most analyses, we report statistics
using O, but, when displaying district-level
ETG results for a group of districts, we reduce
the risk that districts with relatively few teach-
ers and students will receive a very high or
very low ETGs by chance by applying an
empirical Bayes shrinkage procedure to the
ETG estimates (Morris, 1983).

Measuring the Cumulative ETG

We also calculated how the cumulative effect
of the single-year ETGs translate into changes in
the student achievement gap over multiple years.
To measure this, we estimated how student
achievement gaps would change if high- and
low-income students had equally effective teach-
ers between Grades 4 and 8 (or between Grades 6
and 8). We measure value added beginning in
fourth grade (or sixth grade) because that is the
first grade level where we have the data needed
to measure teacher value added. Although all dis-
tricts had student achievement data for Grades 3
through 8, some districts provided data linking
students, teachers, and subjects beginning in
fourth grade and other districts beginning in sixth
grade. For districts where low-income students
already have more effective teachers, we assumed
that the current distribution of teachers would not
change. So, this analysis describes how student
achievement gaps would change if low-income
students had at least equally effective teachers
for multiple years.

In estimating the multiyear effect, intui-
tively, we expressed the student achievement
gap in eighth grade as (a) the contribution of
the student achievement gap from the end of
seventh grade; (b) the contribution of family or
other environmental factors during eighth
grade; and (c) the contribution of eighth-grade
teachers. Mathematically, this can be written as
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an identity equal to the sum of (a) the student
achievement gap at the end of seventh grade
multiplied by a fade-out factor in the persis-
tence of achievement scores from 1 year to the
next; (b) the difference in average student char-
acteristics (between high- and low-income stu-
dents) multiplied by the contribution of student
characteristics in eighth grade to student
achievement; and (c) the eighth-grade ETG.
The student achievement gap at the end of sev-
enth grade favors high-income students. The
fade-out factor in the first part of the equation
serves to decrease the student achievement gap.
However, high-income students have student
characteristics that are correlated with higher
achievement, so the second part of the equation
counteracts this, tending to increase the student
achievement gap from seventh grade to eighth
grade. A positive ETG will further exacerbate
the student achievement gap, whereas a nega-
tive ETG will decrease the student achievement
gap. We then replaced the seventh-grade stu-
dent achievement gap by an equation that
expresses it as a function of the sixth-grade stu-
dent achievement gap, the difference in student
characteristics in sixth grade, and the sixth-
grade ETG. We worked backward recursively
until we expressed the ecighth-grade student
achievement gap as a function of the third-
grade student achievement gap, student charac-
teristics in all grades, a set of relationships for
each grade between characteristics and achieve-
ment, and the ETG for each year. We obtained
the parameters for these equations from the
value-added model for each grade.

In this framework, by construction teacher
effectiveness fades out over time, which is the
key to understanding why a 5-year ETG is not
simply 5 times the 1-year ETG. The extent of the
fade-out—and resulting calculation of the cumu-
lative ETG—depends on the model specifica-
tion. We estimate the extent of this fade-out using
estimates from the value-added model on how
students’ test scores from the prior year are
related to their test scores in the current year.’
Because this equation is an identity, using stu-
dent data and parameters from the value-added
model, it precisely generates the student achieve-
ment gap in eighth grade.

By artificially setting the ETG in each grade to
zero, we used the equation to derive a hypothetical



eighth-grade student achievement gap. This is the
student achievement gap that would have been
obtained if we started with the same student
achievement gap at the end of third grade, assumed
the same students attended from Grades 4 to 8,
and assumed the same relationships between stu-
dent characteristics and achievement each year,
but supposed there were no differences in teacher
assignment based on student income (that is, no
ETG) from Grades 4 to 8."° Further methodologi-
cal details on the ETG and its extensions are given
in the Online Appendix.

Measuring the Effect of Disproportionality of
Exposure to Novice Teachers

Due to policymakers’ concerns about the dis-
proportionate placement of novice teachers in
high-poverty schools—ESSA requires states to
document whether there are disparities in access
to not only ineffective teachers but also specifi-
cally inexperienced teachers—we investigated
the extent to which disproportionality in rates of
placement with novice teachers could lead to
greater inequity for low-income students. We
defined novice teachers as those in their first 3
years of teaching; teachers with at least 3 years of
experience are veteran teachers.

First, we documented the proportion of nov-
ices at high-poverty schools, defined as schools
with at least 90% FRL students, and the propor-
tion of novices at low-poverty schools, defined
as schools with no more than 60% FRL stu-
dents. We also examined the average difference
in value added between novice and veteran
teachers.

Second, we formally decomposed the ETG
into (a) differences in the likelihood of being
taught by a novice teacher and (b) differences
in teacher effectiveness, accounting for com-
positional differences in the likelihood of
being taught by a novice."" This decomposi-
tion, in turn, depends on four factors: (a) the
proportion of high-income students taught by
novices; (b) the percentage of low-income stu-
dents taught by novices; (c) the average value
added of novices for low-income students; and
(d) the average value added of veteran teachers
for low-income students. This is shown in
Equation (3):

Equal Access to Effective Teachers
516 = (pt - i) A, Vi )|
(pit) P i)
* —H  —L
+(Pvgl )(VAver - VAver)
= Difference in Likelihood of
Being Taught by a Novice Teacher

3)

+ Difference in Teacher
Effectiveness, Accounting

for Composition.

In Equation (3), P represents the probability
of a low-income (LI) or high-income (HI) stu-
dent having a novice (nov) or veteran (ver)
teacher, and VA represents the average value
added of a particular group of teachers.

Results
Average ETG

On average across study districts, high-income
students have more effective teachers than low-
income students, but the differences are small
(Table 2). In ELA, the ETG is 0.005 standard devia-
tions of student achievement and in math, the ETG
is 0.004. Both are statistically significant.

As another way of describing the degree of
inequity in access to effective teachers, we com-
pared where the average teacher of high- and low-
income students falls in the overall distribution of
teacher effectiveness. In both subjects, the average
teacher of a low-income student is just below the
50th percentile, while the average teacher of a
high-income student is at the 5S1st percentile. We
also compared the ETG in the average study dis-
trict with a scenario in which high-income students
have the most effective teachers and low-income
students have the least effective teachers (the max-
imum ETG). To measure the maximum ETG in
each district, we assumed that the group of students
to which each teacher was assigned stayed intact
but teachers were reassigned both within and
between schools in a way that most benefited high-
income students. This measure accounts for the
extent of student separation across schools and
classrooms by the income level. In districts with no
separation by income (all classes and all schools
have the same percentage of FRL students), there
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TABLE 2
Effective Teaching Gap (ETG)

Low- vs. Black vs. White,  Hispanic vs. White, = English learners vs.
Subject high-income non-Hispanic non-Hispanic non-English learners
English/language arts 0.005%* 0.002 0.003 —0.006
(0.001) (0.002) (0.002) (0.003)
Math 0.004* 0.010%* 0.005 —0.003
(0.002) (0.002) (0.003) (0.004)
Total number of districts 26 16 9

Note. District-level results are weighted across grades and years by the number of students. Overall results are weighted equally
across districts. A positive ETG would favor high-income students (Column 1), White, non-Hispanic students (Columns 2 and

3), and non-English learners (Column 4).

*Differences in the value added of the teachers of high- and low-income students (the ETGs) are statistically significant at the

0.05 level, two-tailed test.

would be no possibility of an inequitable distribu-
tion of teachers so the maximum ETG would be 0.
This is not the case in our sample of districts, where
there is some segregation by income and the actual
ETG is substantially less than it could be—much
lower than the maximum potential gaps of 0.20 in
ELA and 0.25 in math."

Access to Effective Teachers by Race, Ethnicity,
or EL Status

We measured access to effective teachers for
Black, Hispanic, and EL students using the same
approach we used to measure low-income stu-
dents’ access to effective teachers. To avoid includ-
ing districts that enroll just a few students of a
given race or ethnicity, we limited this analysis to
districts where at least 15% of the students are
Black or Hispanic and at least 15% of students are
White. Similarly, we included districts where at
least 15% of students are ELs. On average, Black
students have math teachers who are less effective
than those who teach White students, but this dif-
ference—0.01—is small. In ELA, Black and White
students have teachers who are similarly effective,
as the difference between the two groups is not sta-
tistically significant. In both subjects, there are no
significant differences between teachers of
Hispanic and White students, or between teachers
of EL and non-EL students (Table 2).

Distribution of Teacher Effectiveness

Although the small ETGs suggest that there
are small differences in the effectiveness of
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teachers of high- and low-income students on
average, it is possible that pockets of inequity in
access to effective teachers exist within the aver-
age study district."”” To explore this possibility,
we examined the likelihood that high- and low-
income students are taught by teachers across the
distribution of effectiveness.

In study districts, there are small differences
or no differences between high- and low-income
students in the probability of having one of the
most effective teachers or one of the least effec-
tive teachers in the district. In both subjects,
10% of high- and low-income students have one
of the most effective teachers, on average. In
ELA, 10% of low-income students have one of
the least effective teachers compared with 9% of
high-income students (Figures 1 and 2). In math,
among both groups of students, 10% have one of
the least effective teachers. Thus, the small dif-
ference in the average effectiveness of high- and
low-income students’ teachers as measured by
the ETG does not appear to be concealing larger
differences in students’ chances of having the
most effective or least effective teachers in the
district. In either case, the results indicate fairly
equitable access to effective teachers in most
study districts.

These figures also show small differences in
the overall distribution of teachers for high-
and low-income students on average. While the
most effective teachers boost student achieve-
ment substantially relative to the least effective
teachers, high-income students are not consis-
tently taught by more effective teachers than
low-income students. Instead, both high- and
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low-income students are taught by a mix of
more effective and less effective teachers.

Teacher Effectiveness Across Schools

Another way to measure access to effective
teachers is to compare the effectiveness of the
average teacher across schools with different

poverty levels. In study districts, however, the
average teacher is similarly effective, no matter
the poverty level of the school. When we grouped
schools into 10 categories based on the propor-
tion of students in the school who are low income,
we found relatively small differences across the
categories (Table 3). Average value added ranged
from 0.02 to —0.01 across the school poverty
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TABLE 3

Average Teacher Value Added, by Poverty Status of Schools

School poverty rate

0%— 10%—  20%—  30%—  40%— 50%— 60%— 70%—  80%—  90%-—
Subject 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
ELA 0.02 0.00 —-0.01 —-0.01 —-0.01 0.00 0.01 0.00 0.00 0.00
Math 0.03 0.02 —-0.01 —0.01 —-0.02 —-0.01 —-0.01 0.01 0.00 0.01

Source. Author’s calculations based on district administrative data.
Note. Results are based on 26 districts for Years 1 to 5, including Grades 4 to 8 for 12 districts and Grades 6 to 8 for 14 districts.
District-level results are weighted across grades and years by the number of students. Overall results are weighted equally across

districts. ELA = English/language arts.

categories for ELA and ranged from 0.03 to
—0.02 for math. In addition, there was no pattern
of average value added decreasing as school pov-
erty rates increased. Teachers in the lowest pov-
erty schools—0% to 10% in ELA and 0% to 20%
in math—have the highest average value added,
at 0.02 to 0.03. However, less than 2% of stu-
dents in study districts attend schools in the 0%
to 10% range and 6% attend schools in the 0% to
20% range.

Relationship Between Access to Effective
Teachers and the Student Achievement Gap

If low-income students had teachers at least as
effective as those of high-income students from
fourth through eighth grade, this would have rel-
atively little effect on the student achievement
gap. We separately examined results for the 12
districts where we could measure how the ETG
accumulates from fourth to eighth grade and the
full set of 26 districts where we could measure
how it accumulates from sixth to eighth grade.

Among the 12 districts with high-quality
teacher—student links from Grades 4 to 8, the
typical high-income student has achievement
at the 60.5 percentile in ELA and the typical
low-income student is at the 35.4 percen-
tile—a student achievement gap of 25.1 per-
centile points. The gap in math is 24.5 points.
Assuming low-income students had teachers
at least as effective as those of high-income
students over 5 years would reduce the stu-
dent achievement gap in eighth grade in the
average study district from 25.1 to 24.2 per-
centile points in ELA and from 24.5 to 22.3
percentile points in math. Based on the larger
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sample of 26 districts, providing low-income
students with teachers at least as effective as
those of high-income students over 3 years
from sixth through eighth grade would reduce
the student achievement gap in eighth grade
by one percentile point or less in both
subjects.

What if low-income students had more
effective teachers than high-income students?
We calculated the ETG that would be needed
to cut the student achievement gap in half if
implemented from fourth through eighth grade
(based on 12 districts). In ELA, the ETG would
have to be —0.102 (instead of 0.005 in these 12
districts) to make this amount of progress in
reducing the student achievement gap. (A neg-
ative ETG means that low-income students
have more effective teachers than high-income
students). In math, the ETG would need to be
—0.080 (instead of 0.004 in these 12 districts)
to cut the student achievement gap in half.
Given the current placement of teachers,
achieving these targets would require a sub-
stantial change. In ELA, 30% of teachers
would have to switch places with each other to
reach an ETG of —0.102, assuming that it were
possible for the best teachers in classrooms
with mostly high-income students to switch
places with the worst teachers in classrooms
with mostly low-income students. In math,
11% of teachers would have to switch places to
obtain an ETG of —0.080.

Variation Across Study Districts

Even though there is relatively little inequity
in students’ access to effective teachers on
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Note. Results are based on 26 districts for Years 1 to 5, including Grades 4 to 8 for 12 districts and Grades 6 to 8 for 14 districts.
District identifiers A to Z are assigned according to the size of each district’s ETG in ELA (with Z representing the largest posi-
tive gap). ETGs are computed within each district-grade-year combination and averaged with equal weight across years within
each district. The points represent the district-level ETGs and the vertical lines show the 95% confidence intervals around each
point. To reduce the risk that districts, particularly those with relatively few teachers and students, will receive a very high or
very low ETGs by chance, we applied an empirical Bayes shrinkage procedure to the estimates. The cross-district average of
0.005 standard deviations (calculated after empirical Bayes shrinkage) is shown by the dashed horizontal line. ETG = effective

teaching gap; ELA = English/language arts.

average, there may be individual districts with
more inequity in access to effective teachers. In
fact, there is modest variation across the study
districts in the extent to which low-income stu-
dents have equal access to effective teachers. The
ETG in the 26 study districts ranges from —0.024
to 0.023 in ELA and from —0.050 to 0.040 in
math (Figures 3 and 4). This suggests that there
are some districts in which low-income students
have less effective teachers than high-income
students, on average, and other districts in which
the opposite is true.'

We also see larger inequity in a few districts
when we examine the likelihood that students
have the most or least effective math teachers. In
the three districts in math with the largest ineq-
uity, for example, an average of 11% of low-
income students have one of the least effective
teachers in the district, compared with 8% of
high-income students.

Given that low-income students’ access to effec-
tive teachers varies from district to district, it raises
the question of whether certain types of district

characteristics are associated with greater inequity
in access to effective teachers. To address this ques-
tion, we examined the relationship between a dis-
trict’s characteristics and the size of its ETG.

There are just two characteristics—district
size and region—significantly related to the ETG
in both math and ELA (Table 4). Districts that are
larger and located in the southern United States
tend to have a less equitable distribution of teach-
ers than other districts. These findings are related,
as districts in the south tend to be larger than
those in other regions. Low-income students’
access to effective teachers is not consistently
related to the other district characteristics that we
examined, including the student achievement
gap, the extent to which high- and low-income
students are separated across schools, or the per-
centage of Black, Hispanic, and White students
in the district. In ELA, the ETG is significantly
larger in districts with a larger percentage of low-
income students and those with a larger percent-
age of minority students, but these relationships
are not significant in math.
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Note. Results are based on 26 districts for Years 1 to 5, including Grades 4 to 8 for 12 districts and Grades 6 to 8 for 14 districts.
District identifiers A to Z are assigned according to the size of each district’s ETG in ELA (with Z representing the largest posi-
tive gap). ETGs are computed within each district-grade-year combination and averaged with equal weight across years within
each district. The points represent the district-level ETGs and the vertical lines show the 95% confidence intervals around each
point. To reduce the risk that districts, particularly those with relatively few teachers and students, will receive a very high or
very low ETGs by chance, we applied an empirical Bayes shrinkage procedure to the estimates. The cross-district average of
0.005 standard deviations (calculated after empirical Bayes shrinkage) is shown by the dashed horizontal line. ETG = effective
teaching gap; ELA = English/language arts.

TABLE 4
Average ETG by District Size and Region

ETG

District characteristic English/language arts Math Number of districts
All districts 0.005%* 0.004* 26
District size

Medium districts 0.000 —0.010* 7

Large districts 0.004 0.010* 14

Very large districts 0.014* 0.010 5
Region

Midwest —-0.003* -0.014*

North 0.007 —0.008* 3

South 0.009* 0.014* 11

West 0.003 0.013 6

Note. Estimates in the table represent the mean ETGs for districts within each group. Results are based on 26 districts, Grades
4 to 8, and Years 1 to 3. Small districts have fewer than 40,000 students, medium districts have 40,000 to 100,000 students, and
large districts have more than 100,000 students. Geographic region is based on Census region. ETG = effective teaching gap.
*Whether the ETG in a given category is significantly different from all other districts combined at the 0.05 level, using the
standard error of each district’s estimate.

248



TABLE 5

Novice and Veteran Components of the Effective Teaching Gap

Component

Low-income students

High-income students

Percentage of students taught
By veteran teachers
By novice teachers
Average value added
Veteran teachers
Novice teachers

86.0% 89.8%
14.0% 10.2%

0.000 0.010
—-0.021 —0.023

Note. Results are for teachers in Grades 6 through 8 in 18 districts and in Grades 4 and 5 in 10 of these districts. The sample
excludes teachers with missing experience data and five districts that could not provide data on teachers’ total teaching experi-
ence. Novice teachers have 0 to 2 years of prior experience and veteran teachers have 3 or more years of prior experience. The
results are presented as an average across districts weighted by the number of students taught by each teacher in the analysis.

Comparing Results Across Value-Added Models

Our main results for the ETG are based on a
value-added model of teacher effectiveness that
accounts for a set of three peer effects. However,
data limitations sometimes lead researchers to esti-
mate a value-added model that does not account
for peer effects. To gauge how sensitive the results
are to this feature of the model, we estimated an
alternative value-added model without peer effects.
However, there is a greater risk using this model
that failing to account for peer effects could lead to
bias that inflates the estimate of the ETG.

When we measure teacher effectiveness with-
out accounting for peer effects, we find results that
are not as small as those in our main model: The
typical low-income student has a teacher whose
value added is 0.029 lower in ELA than that of the
typical high-income student. In math, the ETG is
0.031. In both ELA and math, 11% of low-income
students and 7% to 8% of high-income students
are taught by one of the least effective teachers in
a district. High-income students are 3 percentage
points more likely to be taught by one of the most
effective teachers in ELA and 1 percentage point
more likely in math. Finally, providing high- and
low-income students with equally effective teach-
ers over the 5 years between Grades 4 and 8 would
reduce the student achievement gap by 3.4 to 3.8
percentile points in ELA and math.

Novice Teachers and the ETG

As is true of many districts, a higher propor-
tion of novice teachers in high-poverty schools

suggests that there could be inequitable access to
effective teachers. Across the study districts,
18.3% of the teachers in high-poverty schools
(90% or more low-income students) are novices,
compared with 8.9% of the teachers in low-pov-
erty schools (60% or fewer low-income stu-
dents). In addition, novices in the study districts
are less effective than veteran teachers, by 0.022
in average teacher value added. However, we
find that the presence of more novice teachers in
high-poverty schools does not create substantial
inequity, for two reasons.

First, the substantial difference between
high- and low-poverty schools in the prevalence
of novice teachers translates into a smaller dif-
ference between high- and low-income students
in the likelihood of having a novice teacher.
Although there are more low-income students
in high-poverty schools than in low-poverty
schools, both types of students attend each type
of school. When calculated at the student level,
the difference between the likelihood of being
taught by a novice teacher is modest, with 14%
of low-income students and 10% of high-
income students taught by novices (Table 5). In
other words, 86% of low-income students and
90% of high-income students are taught by vet-
eran teachers.

Second, the average difference in the effec-
tiveness of novices and veteran teachers is also
modest, at 0.022 across both subjects. Thus, even
if all low-income students were taught by nov-
ices and all high-income students were taught by
veteran teachers, the ETG would be 0.022. The
actual difference in the proportion of students
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taught by a novice teacher is only 4 percentage
points. So the component of the ETG resulting
from low-income students being taught more
frequently by novice teachers is approximately
4% of 0.022, which is slightly less than 0.001.
To calculate this precisely, we inserted the val-
ues from Table 5 into Equation 3. This produces
([0.140 — 0.102][0.000 — (=0.021)]) = 0.001.
That is, the ETG between high- and low-income
students resulting from the greater likelihood
that low-income students are taught by a novice
teacher is 0.001."

Conclusion

Our results show that low-income students
have equal or nearly equal access to effective
teachers in the great majority of the districts we
analyzed. While individual teachers differ sub-
stantially in their effectiveness, both high- and
low-income students have a mix of the most
effective and the least effective teachers. As a
result, providing the two groups of students with
equally effective teachers—even over a period of
5 years—would not substantially reduce the stu-
dent achievement gap in most districts. Similarly,
the disproportionate number of novice teachers
at high-poverty schools contributes almost noth-
ing to the ETG, and, by extension, to the student
achievement gap.

Results comparing students in different racial
and ethnic groups are similar. Black students
have slightly less effective teachers than White
students, but there were no statistically signifi-
cant differences in the effectiveness of their ELA
teachers. Similarly, teachers’ average effective-
ness did not differ significantly when we com-
pared Hispanic students with White students or
ELs with non-ELs.

Comparison With Other Studies

Although these results are in line with some of
the past literature on access to effective teachers,
our findings suggest more equity than those of
several other studies. Much of the difference
across studies can be explained by four factors: the
value-added model used, the grades examined, the
scope of the analysis (whether teachers are com-
pared with others in a district or in a state), and the
states or districts included in the analysis.
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First, as we have documented, the choice of
value-added model matters for this analysis. Our
primary value-added model aims to eliminate
bias from unobservable student characteristics
that may be responsible for the way that students
are matched to teachers to the extent possible.
Otherwise, apparent differences between the
effectiveness of teachers of low- and high-
income students may be due to a misspecified
value-added model rather than to real differences
in teacher effectiveness. Specifically, the model
not only controls for prior test scores and a set of
student characteristics (like special education
and EL status) but also (a) accounts for measure-
ment error in pretest scores using an errors-in-
variables correction and (b) controls for a set of
three peer effects (principally, the average class-
room pretest score) by leveraging variation
across classes of a given teacher. When we com-
pared our overall results with results that used a
value-added model without peer effects, our esti-
mates of the ETGs were higher, at 0.024 in ELA
and 0.027 in math. Thus, our results suggest that
the inclusion or exclusion of peer effects in the
value-added model has a modest effect on the
estimates.

Results from the literature support the notion
that the specification of the value-added model
matters. Two studies that account for peer effects
when measuring teacher effectiveness find only
small differences in the effectiveness of teachers
of high- and low-income students, or that low-
income students have more effective teachers
than high-income students (Chetty, Friedman, &
Rockoff, 2014b; Steele et al., 2014). One excep-
tion is Sass et al. (2012), who find that teachers in
Grades 4 and 5 in high-poverty schools are less
effective than those in low-poverty schools in
Florida and North Carolina, with average differ-
ences ranging from 0.02 to 0.04. Goldhaber et al.
(2016a), who use a value-added model that does
not account for peer effects or measurement error
in pretest scores, find ETGs for Grades 4 and 5
that range from about 0.025 to 0.035. Steele et al.
(2015), whose model also excludes these fea-
tures, appear to find somewhat larger differences
(although Steele et al. [2015] account for up to 12
pretest scores to try to minimize measurement
error).'®

Second, there is evidence that (a) the ETG is
higher in upper elementary grades than in middle



school grades and (b) a value-added model that
accounts for peer effects reduces the ETG in
middle school grades but may increase the ETG
in upper elementary school grades (Goldhaber
et al., 2016b). This may help to explain why Sass
et al. (2012) and Goldhaber et al. (2016a) find
slightly more inequity than some other papers in
the literature, as these papers are based on Grades
4 and 5 only. Our study is based on Grades 4 to 8,
but 14 of 26 districts exclude Grades 4 to 5 due to
data issues.

Third, Sass et al. (2012) and Goldhaber et al.
(2016a) measure not only differences within a
district but also differences between districts in a
state, which may increase the degree of inequity
if states have a greater degree of sorting of highly
effective teachers to high-income students than
individual districts. Goldhaber et al. (2016b) find
that about a third of the measured inequity in
North Carolina (i.e., about 0.01) and about half
of the measured inequity in Washington state
(about 0.015) result from differences between
districts.'” It should be noted, however, that the
districts participating in our study were purpose-
fully selected based on having FRL rates between
20% and 80% to ensure a degree of heterogeneity
within each district.'®

Fourth, to the extent that different studies pro-
duce different estimates in general, this may also
reflect different samples of teachers and students
in different districts and states. Within our geo-
graphically diverse sample of districts, we find
some variation in the degree of access to effec-
tive teachers. The districts in our sample with the
most inequity have ETGs that are similar to the
estimates from other studies. We also document a
correlation between higher ETGs and larger dis-
tricts, and regional variation, with districts in the
South having the highest ETGs.

Policy Implications

The findings of our study—based on a cross-
section of medium and large districts throughout
the United States—suggest that a policy empha-
sis on correcting for an unequal distribution of
“ineffective, out-of-field, or inexperienced teach-
ers” may be misplaced. Across these districts,
high- and low-income students are far apart in
their achievement by the end of third grade, and
the way that students are distributed across
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schools presents a threat that the student achieve-
ment gap could grow considerably by eighth
grade if the best teachers were matched to high-
income students. But in fact, the achievement
gap grows little due to inequitable access to
effective teachers. Instead, the value-added esti-
mates show that effective and ineffective teach-
ers teach in all schools. Effective teachers are
found in high-poverty schools, even if their
accomplishments are often overlooked, as their
students—who start out far behind—may still
face other obstacles to learning and so have
below-average test scores. Conversely, ineffec-
tive teachers can be found in “blue ribbon”
schools, where subpar performance can be cam-
ouflaged by satisfactory outcomes for advan-
taged students.

It may not be reassuring that public schools
are just holding the line on a set of unequal out-
comes instead of decreasing them, but public
schools are financed and managed within a polit-
ical system, and our simulation results suggest
that it may be difficult to jolt this system in a way
that would allow enough of the best teachers to
flow to high-poverty schools to bring about a
substantial decrease in achievement gaps through
teacher mobility alone. This is not to concede
that policymakers need to accept the status quo,
just that the best policy solutions to diminishing
the student achievement gap likely reside outside
the realm of focusing on rules by which teachers
transfer from school to school or how teachers
are hired or retained. Although a well-planned
and well-executed set of human capital policies
can improve teacher effectiveness overall, it is
not likely to diminish the student achievement
gap. Rather, our descriptive results might nudge
policymakers to consider a broad spectrum of
other cost-effective evidence-based policies ben-
efiting disadvantaged students. For example,
experimental evidence supports the expansion of
tutoring (Nickow et al., 2020) and “No Excuses”
charter schools in urban areas (Chabrier et al.,
2016; Gleason, 2019). In addition, well-imple-
mented policies that target early learners may
disrupt the predictability of student achievement
gaps that form as soon as children enter school
and stay at a similar level in the early elementary
grades (Duncan & Magnuson, 2011). For
instance, experimental evidence demonstrates
that tutoring has especially strong impacts on
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literacy for students in early grades (Nickow
et al., 2020), as does coaching of teachers (Kraft
et al., 2018), and being taught by a teacher from
Teach for America (Clark & Isenberg, 2020).

In the study districts and elsewhere in the
country, low-income and minority children have
inequitable outcomes, but this may have less to
do with the educators who staff their school and
more to do with other factors, such as differ-
ences in the home environment of or resources
available to children of different means. In sum,
a half-century after the Coleman Report found
“that differences between schools account for
only a small fraction of differences in pupil
achievement” (Coleman et al., 1966), with more
sophisticated methods, easier access to data,
more computational power, and the ability to
take the analysis from the school level to the
teacher level, we have concluded much the
same thing.
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Notes

1. These values are based on an inspection of
Figure 18 in Goldhaber et al. (2016a), which does not
report the underlying values.

2. For example, studies of charter schools often
provide estimates of the impact of attending a char-
ter school for a single year as well as for multiple
years. These estimated single-year impacts on math
scores (of charter schools located in urban areas and
serving disadvantaged students) are as high as 0.20
to 0.40 standard deviations (Abdulkadiroglu et al.,
2011; Dobbie & Fryer, 2011; Gleason et al., 2014),
so estimates from the literature of the 1-year effective
teaching gap (ETG) are small in magnitude by this
standard as well.

3. One exception is Glazerman and Max (2011),
which examined 10 districts in six states.

4. A companion paper uses teacher personnel data
in addition to value-added estimates to explore how
hiring of teachers into the district, development of
teachers over time, transfer of teachers across schools,
and attrition of teachers out of the district are related to
the access to effective teachers (Isenberg et al., 2020).
We find that although there is greater turnover at
schools with more low-income students, there is little
difference in the effectiveness of new hires, transfers,
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or leavers. As a result, these teacher career transitions
do not contribute to large inequities in access to effec-
tive teachers for low-income students.

5. We excluded one district that was unable to pro-
vide data that reliably distinguished low- from high-
income students based on free or reduced-price lunch
(FRL) status. We also excluded three districts that
could not provide data linking teachers across years,
which is necessary for identifying peer effects in the
value-added model.

6. Five districts provided data for less than 5 years
because they did not have adequate data linking stu-
dents and teachers: one district had data for 2 years,
one district had data for 3 years, and three districts had
data for 4 years.

7. Given that we are ultimately interested in com-
paring the effectiveness of teachers of low-income
(FRL) and high-income (non-FRL) students, it may
appear problematic that the value-added model con-
trols for FRL status. If less effective teachers are more
likely to teach FRL students, one may ask whether this
variable would capture this relationship, such that the
value-added model would control for the very rela-
tionship we are trying to measure. However, the key to
the value-added model is the inclusion of teacher fixed
effects, which allow us to measure the relationship of
student FRL status and student test scores using only
differences between FRL and non-FRL students who
have the same teacher. The model uses this within-
teacher relationship to infer the expected average test
scores among teachers who have a larger or a smaller
proportion of FRL students. Teachers with students
whose actual test scores are higher than expected
given their FRL status (and other characteristics) have
higher value-added estimates.

8. A student who is taught by multiple teachers during
the year—whether through team teaching, supplemen-
tal course taking, or transferring across schools—will
contribute one observation to the model for each teacher
to whom he or she was linked, a technique known as the
full roster method (Hock & Isenberg, 2017).

9. The logic underlying this approach is that if a
student’s previous year teacher caused their test scores
to be higher in that year, then the estimated coefficient
on prior year test scores in the value-added model
should tell us how much the previous year teacher’s
effect has persisted. This estimate varies across grades
and districts, but generally is in the range of 0.7 to 0.8.
In other words, our approach implies that 70% to 80%
of a teacher’s effect persists to the next year.

10. Methodological details on how we calculated
the amount by which the student achievement gap
would be reduced if the ETG were zero—and we used
this result to calculate the annual ETG necessary to
cut the student achievement gap in half—are given in
the Online Appendix. We also show how we calculated
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the maximum ETG for a district assuming that teach-
ers could be reassigned across schools and classrooms,
conditional on the distribution of teacher value added
and the distribution of students across classrooms.

11. A full derivation of this result is shown in the
Online Appendix.

12. In a later section, we show that the estimated
ETG within a district is not related to the extent of
student separation in that district. This provides fur-
ther evidence that our low ETG estimates cannot
be explained by a lack of student separation across
schools.

13. We also found that the ETG remained stable
over time. Across the 5 years of the study, the ETG
in English/language arts (ELA) varied from year to
year by 0.01 or less, with no clear trend over time.
In math, the ETG varied by less than 0.02 across
the 5 years.

14. The variance of unadjusted estimates across
districts will generally overestimate the true variance
due to sampling error in the estimates of each indi-
vidual district. However, the distribution of the empiri-
cal Bayes (EB) estimates that we present in Figures 3
and 4 will generally underestimate the true variance
because it excludes a component that captures the vari-
ance of each individual district’s EB estimate (Carlin
& Louis, 2000). We obtained constrained EB esti-
mates, which correct for this issue, but found that they
differed little from the EB estimates.

15. Our estimate of 0.022 for the average differ-
ence between novice and veteran teachers may appear
to be small relative to estimates in the literature of
the return to experience for teachers. Typically studies
find gains 3 times as large for teachers as the prog-
ress from their first to their fourth year of teaching.
We show elsewhere that the return to experience for
teachers in the study districts over that interval is
0.068 (Isenberg et al., 2016), similar to other esti-
mates in the research literature (Harris & Sass, 2011).
However, in the analysis of novice teachers and the
ETG, we are not estimating the return to experience
for individual teachers but rather calculating the dif-
ference in the average value added of teachers in their
first 3 years compared with more experienced teach-
ers. This difference is considerably smaller than the
return to experience for two reasons. First, we con-
sider novices to include teachers in their second and
third years of teaching, as well as teachers in their first
year. Teachers in their second and third years are not
likely to have reached their potential. However, for
teachers in the study districts (like teachers in other
studies), the largest improvement is in the first year of
teaching—an average improvement of 0.046. Second,
there is a cohort effect in the study districts—teachers
entering the profession more recently are more effec-
tive at similar levels of experience than teachers who
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entered the profession earlier. Moreover, the findings
are not sensitive to the difference in effectiveness of
novice and veteran teachers. For example, assume
that the difference between novices and veterans is
0.088—4 times what we observe in the study districts.
Given the proportions of novice teachers for low- and
high-income students we found in our study, the con-
tribution to the ETG due to the greater likelihood of
low-income students being taught by novices would
be 0.004, still a trivial amount.

16. Steele et al. (2015) use a somewhat different
metric than the other papers: differences in average
value added between schools in the top and bottom
quartile based on the proportion of minority students.
It is not immediately clear how their results—0.062 in
ELA and 0.044 in math—compare with ETGs.

17. These approximations are based on visual
inspection of Figure 19 because the authors do not
report the underlying values.

18. While our study was designed to focus on the
district level (as this is the locus of control for school
policy), we examined the issue of whether measuring
inequity only within districts may have affected the
results by measuring the ETG in the urban core of five
county-wide districts and comparing that with the ETG
for the district as a whole. The results of this exercise
indicated little difference between those measures, but
there may be larger differences between districts than
between urban and nonurban areas of a single district.
See Isenberg et al. (2016) for details.
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