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Is a Good Teacher a Good Teacher for All? Comparing
Value-Added of Teachers With Their English Learners and

Non-English Learners

Susanna Loeb
James Soland
Lindsay Fox
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Districts, states, and researchers are using value-added models with increasing frequency to
evaluate educational policies and programs, as well as teachers and other educators individually.
Despite their prevalence, little research assesses whether value-added measures (VAM) are con-
sistent across student subgroups. Are teachers who are effective with one group of students also
effective with others? If they are not, then it may be worthwhile to develop separate measures of
teacher effectiveness for different student groups; if they are, a single average measure will likely
suffice. Our article uses data from a large urban district with a considerable English learner (EL)
population to compare teachers’ VAM with ELs to the same teachers’ VAM with non-ELs. We find
that teachers who are effective with ELs also tend to be effective with their non-ELs and vice
versa. We also, however, find evidence that some teachers are relatively more effective with ELs
than with non-ELs, and that this increased efficacy is predicted by a teacher's fluency in students’

home language and whether he or she possesses a bilingual teaching certification.

Keywords:
policy

TeacHER effectiveness has been the focus of
much recent education reform, including the fed-
eral Race to the Top program and the Teacher
Incentive Fund. Teacher quality has also been a
dominant feature of much recent education
research, including studies of how to measure
teacher quality (Hanushek & Rivkin, 2010; Kane
& Staiger, 2012), how to hire effective teachers
(Rockoff, Jacob, Kane, & Staiger, 2011), and
how to improve teacher effectiveness (Hill, 2007;
Loeb, Kalogrides, & Béteille, 2012). A common
assumption underlying these policies and
research approaches is that a teacher who is
effective for one group of students is also effec-
tive for other groups of students. With some
exceptions, few studies have assessed the

value-added estimation, English language learners, teacher labor markets, teacher

relative effectiveness of teachers with different
types of students (Aaronson, Barrow, & Sander,
2007; Dee, 2005, 2007; Lockwood & McCaffrey,
2009; Loeb & Candelaria, 2012). This gap in the
research occurs despite studies showing some
student subgroups may benefit from specialized
instructional approaches. States, districts, and
schools are expending substantial effort in
teacher professional development for teaching
English learners (ELs). These students may ben-
efit from having teachers with EL-specific train-
ing and fluency in the student’s native language
(Master, Loeb, Whitney, & Wyckoft, 2012).

In this article, we assess the extent to which a
teacher’s effectiveness at improving student per-
formance in math and reading is similar for ELs
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and their non-EL counterparts. In particular, we
ask the following three research questions:

Research Question 1: How much does
teacher effectiveness vary across class-
rooms for EL and non-EL students?

Research Question 2: Are teachers equally
effective with ELs and non-ELs?

Research Question 3: Can measured teacher
characteristics help explain differences in
teacher effectiveness?

The article proceeds as follows. First, we
motivate and focus the study drawing on litera-
ture about teacher quality and effective instruc-
tion for English language learners. We then
present the data, methods, and findings. Finally,
we conclude with a discussion of the results.
Overall, we find that, with some exceptions,
teachers explain a similar amount of learning for
EL and non-EL students. We also find that, on
average, teachers who are effective with non-EL
students are also effective with ELs, though some
teachers are differentially effective with one
group or the other. While we only touch on char-
acteristics of teachers that explain differential
learning, we find that teachers who speak the
native language of ELs or possess bilingual certi-
fication tend to produce relatively greater gains
for ELs than for non-ELs.

Background

Value-added estimates—the amount teachers
increase the achievement test scores of their stu-
dents over the course of the year—have become
a popular measure of teacher effectiveness for
policymakers. Although no consensus exists on
the most accurate gauge of a teacher’s contribu-
tion to student outcomes, value-added measures
(VAM) have the benefits of measuring student
learning directly, being relatively low-cost to cal-
culate for some teachers given the testing regimes
already in place, and reducing many forms of
bias (Rubin, Stuart, & Zanutto, 2004). This last
facet of value-added is especially important
given teachers are not randomly assigned to stu-
dents or schools, which can conflate the influ-
ence of student, school, and teacher variables on
achievement (Clotfelter, Ladd, & Vigdor, 2007;
Feng, 2010). In fact, extant research provides
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evidence that teachers are often assigned to par-
ticular schools and classrooms based on specific
characteristics, such as their experience and
teaching ability (Kalogrides, Loeb, & Beteille,
2013). Although VAM may not account com-
pletely for this sorting, they address the sorting
more directly than do most other measures of
teacher effectiveness that are collected on a large
scale, such as observational measures (McCaffrey,
2012; Rothstein, 2009).

Despite the prevalence of VAM, value-added
research often relies on a fundamental yet
untested assumption that a teacher who is effec-
tive for one student is effective for other students
with different needs (Reardon & Raudenbush,
2009). To date, little research considers whether
value-added is consistent across different student
subgroups, such as ethnic and language minority
students. This omission occurs even though stud-
ies provide evidence that teachers can have dif-
ferential effects for various student subgroups,
including ELs (Dee, 2005, 2007; Master et al.,
2012). Exceptions to this gap in the value-added
literature include studies by Aaronson et al.
(2007) and Lockwood and McCaffrey (2009).
Both articles produce estimates for teachers serv-
ing high- and low-performing students, showing
that teachers can have differential effects on the
achievement of these two groups, though the dif-
ferences tend to be small. Otherwise, no research
(of which we are aware) produces distinct value-
added estimates by subgroup. As a result, current
value-added studies can help educators deter-
mine which teachers are effective, on average,
for the students they serve but may not provide
useful information on which teachers are best
equipped to serve specific groups of students
such as low-income or other at-risk student pop-
ulations most in need of effective teaching.
Although there may not be compelling reasons
why some groups of students would be differen-
tially served by teachers, there are compelling
reasons to believe that certain populations of stu-
dents may benefit from different instructional
approaches. ELs and special education students
are two such examples.

Our study starts to close this gap in the value-
added literature by generating separate value-
added estimates for EL and non-EL students. We
choose ELs because they are a rapidly growing
subgroup with unique educational challenges
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and, therefore, may benefit from EL-specific
instructional strategies (Abedi, Hofstetter, &
Lord, 2004; August & Pease-Alvarez, 1996;
Master et al., 2012; Solomon, Lalas, & Franklin,
2006). The research documenting these chal-
lenges is abundant. ELs enter school with lower
rates of math and English proficiency, and these
gaps persist well into their schooling (Parrish et
al., 2006; Reardon & Galindo, 2009; Rumberger
& Gandara, 2004). Based on test scores from the
National Assessment of Education Progress
(NAEP), 71% of ELs remain below basic in
math and Language Arts in eighth grade com-
pared with roughly 20% for non-EL students
(Fry, 2007). ELs also prove less likely to prog-
ress through school than any other student sub-
group (Kao & Thompson, 2003). Although these
statistics are complicated by several factors,
including requirements in some states that EL
students be proficient in both basic English and
Language Arts to be reclassified as fully English
proficient, the academic challenges faced by
ELs are no less real.

Given the educational challenges confronted
by ELs, researchers have begun to consider dif-
ferential teacher effectiveness with ELs.
Although most research on effective educational
practices for ELs has focused on programmatic
aspects of instruction (August & Shanahan,
2008; Slavin & Cheung, 2005; Téllez &
Waxman, 2006), some research has addressed
teaching practices for teachers of ELs (Abedi et
al., 2004; Solomon et al., 2006). For example,
Master et al. (2012) explored whether ELs ben-
efit differentially in terms of math learning from
having teachers with particular characteristics
such as prior experience teaching ELs. This
research builds on prior studies showing that, in
some cases (though not all), teachers with more
than a year or two of experience (Clotfelter et
al., 2007; Harris & Sass, 2011; Kane, Rockoff,
& Staiger, 2008; Nye, Konstantopoulos, &
Hedges, 2004; Rice, 2003; Wayne & Youngs,
2003), specific content knowledge (Hill, Rowan,
& Ball, 2005; Rockoff et al., 2011), and particu-
lar types of preparation (Boyd, Grossman,
Lankford, Loeb, & Wyckoff, 2009; Ronfeldt,
2012) can be more effective. Finally, some
research finds that ELs tend to learn more in
schools with practices designed to increase the
effectiveness of teachers with ELs, though these
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results are only suggestive of an effect (Williams
et al., 2007). In total, this body of research sup-
ports the contention that particular teacher skills
may influence EL achievement, and that schools
can adopt practices that may help their teachers
develop these skills.

In the remainder of this article, we model
value-added for teachers of ELs and non-ELs to
help determine whether some teachers are differ-
entially effective with these groups and, if so,
which teacher characteristics predict differential
effectiveness. Our findings, in turn, help answer
our underlying research question: Is a teacher
who is effective for students fluent in English
also effective for ELs?

Data

We use data from the Miami—Dade County
Public Schools (M-DCPS) district from the
2004-2005 through 2010-2011 school years.
Nationwide, M-DCPS is the fourth largest school
district and has a considerable EL population. In
2010-2011, there were over 347,000 students
enrolled in 435 schools. Of those students, more
than 225,000 were Hispanic and more than
67,000 were ELs. In addition to its size and large
EL population, Miami is well suited for our study
because teachers transfer out of the district at
relatively low rates, which provides a stable
cohort for value-added analysis. Due in part to
this stability and large sample size, we are able to
estimate value-added by grade level, which
acknowledges the different educational needs
that ELs may have at various stages of their
schooling.

For all of our EL value-added estimates, we
use two definitions of “English learner” to iden-
tify students for the analysis. First, we use the
definition of EL in the M-DCPS administrative
data set, which follows state and federal law, as
well as local policy requirements. This first defi-
nition is, in essence, the one most educators and
policymakers use when they consider a student
to be an EL.! One problem with this definition is
that ELs recently reclassified as non-ELs may
still benefit from similar instructional practices
as ELs. Given many of the non-ELs in the data
set who share classes with ELs may fall into this
just-reclassified group, our comparison might be
weighted toward a contrast between ELs and
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those recently reclassified rather than students
who were always non-EL. Therefore, we run the
risk of failing to identify the true differences in
instructional needs between ELs and fully
English-proficient students. To supplement the
first definition of EL, we use a second approach
in which we define ELs as any student who either
is identified as such in the data, or who was clas-
sified as an EL within the past 3 years. This
approach is similar to a federal policy that
addresses the same issue by allowing states to
count students reclassified as fully English profi-
cient in the EL cohort for 2 years after exiting EL
status. It reduces the problem of having our anal-
yses based on comparisons of ELs and just-
reclassified non-ELs, though it will rely partially
on comparisons within the non-EL group of those
reclassified and never-EL students. Given the
complexities of classifying students as proficient
or not proficient in English, we do not privilege
either definition. Rather, we use each as a robust-
ness check for the other. Given our results are
similar regardless of the strategy used, we not
only focus primarily on a single definition, the
second one, but also provide the main results for
the first definition.

To construct our analytic data file, we combine
several data sets. First, we obtain demographic
data on students from an administrative database
that includes race, gender, free or reduced-price
lunch eligibility, special education status, and
whether the students are limited English profi-
cient. Second, we combine the demographic data
with test score data to calculate achievement
gains in math and reading for students in a given
teacher’s classroom. The test score data come
from the Florida Comprehensive Assessment Test
(FCAT). We focus only on math and reading
scores for this article because those tests are given
to all students in Grades 3 to 10. The FCAT is
given in writing and science to a subset of grades,
but we do not use these data. We standardize all
scores to have a mean of zero and a standard devi-
ation of one within each grade-year combination.
Third, we link students to teachers using a data-
base that contains the courses taken by each stu-
dent and the courses taught by each teacher. A
unique classroom identifier also allows us to gen-
erate classroom measures, such as percent of
Black and Hispanic, percent of students eligible
for free or reduced-price lunch, and average prior

460

achievement, all of which we use as controls in
the value-added models. We use this data set to
answer Research Questions 1 and 2. To answer
Research Question 3, we append two teacher
characteristics to the data set: Spanish fluency
and whether a teacher has a bilingual certifica-
tion.” We obtain these teacher characteristics from
teacher surveys that we administered in M-DCPS
in 2010 and 2011.

Table 1 gives the proportion of EL students in
M-DCPS during our sample period, as well as
shows how this proportion varies by grade. For
Tables 1 and 2, which describe the sample, we
use the original definition of EL from the admin-
istrative data set to facilitate easier comparability
with students from other districts and states.
Between the 2003-2004 and the 2009-2010
school years, the proportion of ELs remained
fairly constant around 0.095, with a slight uptick
in 2010-2011 to 0.125. Grade 3 consistently has
the highest proportion of ELs with a general
though inconsistent decline across the higher
grades. In Florida, ELs are exempt from testing if
they have been enrolled in school in the United
States for less than 12 months. As expected from
national trends in EL performance on standard-
ized tests, a substantial gap in test scores can be
seen between ELs and non-ELs.

Table 2 describes our sample at the student-,
class-, and school-level, overall, for EL students
and for non-EL students. Not surprisingly, ELs are
more likely than non-ELs to be Hispanic and less
likely to be Black or White. Furthermore, a higher
percentage of ELs (80%) are eligible to receive
free or reduced-price lunch compared with non-
ELs (62%). Descriptive statistics at the class level
also provide a picture of the students and teachers
in M-DCPS. Over the span of our study, 62% of
students in the average student’s class were
Hispanic and 10% were EL. As for teachers, on
average 41% were fluent in Spanish and 5% had a
bilingual certification. EL students attend classes
with a high proportion of Hispanic and poor stu-
dents, but a lower proportion of special education
students than non-EL students, on average.

Method

In this study, we create separate VAM of
teacher effectiveness for each teacher’s impact
on EL and non-EL students. We then use these
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TABLE 1

Proportion of Students Who Were ELs and Standardized Test Scores in M-DCPS, by Year

Year
2003- 2004— 2005— 2006— 2007- 2008— 2009— 2010-
2004 2005 2006 2007 2008 2009 2010 2011
% of ELs 0.102 0.096 0.090 0.089 0.091 0.091 0.105 0.125
% of ELs by grade
Grade 3 0.149 0.139 0.130 0.140 0.142 0.152 0.171 0.237
Grade 4 0.095 0.089 0.086 0.082 0.084 0.091 0.132 0.155
Grade 5 0.091 0.090 0.075 0.078 0.074 0.079 0.090 0.125
Grade 6 0.082 0.081 0.081 0.070 0.073 0.070 0.081 0.095
Grade 7 0.095 0.087 0.082 0.086 0.078 0.075 0.085 0.095
Grade 8 0.096 0.093 0.083 0.081 0.090 0.075 0.084 0.090
Grade 9 0.101 0.092 0.086 0.085 0.089 0.086 0.088 0.101
Grade 10 0.103 0.098 0.093 0.090 0.091 0.093 0.103 0.100
Standardized math —0.549 —0.591 -0.605 —0.630 —0.618 —0.648 —0.648 —0.605
test scores
Standardized reading ~ —0.829 —0.898 -0.942 00918 -0.945 -0.938 -0.916 —0.891
scores

Note. EL = English learner; M-DCPS = Miami—Dade County Public Schools.

separate measures to better understand teacher
effectiveness for ELs by addressing the follow-
ing research questions:

Research Question 1: How much does
teacher effectiveness vary across class-
rooms for EL and non-EL students?

Research Question 2: Are teachers equally
effective with ELs and non-ELs?

Research Question 3: Can measured teacher
characteristics help explain these differ-
ences in value-added? In particular, are
teachers who have bilingual certification
or are fluent in Spanish differentially more
effective with ELs?

Estimating Value-Added

This study relies on VAM of teacher effective-
ness. As discussed above, these measures are
common in both research and practice, though
there is no consensus on the best method for esti-
mating value-added. Regardless of the particular
estimation technique used, the goal of VAM is to
isolate the effects of the classroom teacher from
the effects of student background characteristics,
peer effects, and school effects.

We calculate value-added estimates in the
form of coefficients on teacher fixed effects used
to predict student test score gains. Our approach
constrains the estimates to sum to zero, which
means teachers are compared with the average for
a specified peer group rather than to an arbitrarily
omitted teacher. For all of our teacher fixed-
effects models, we calculate value-added for ELs
and non-ELs separately to compare the estimates.
Furthermore, we only run models for teachers
who have 10 or more students in either category
across the 7 years of data that we use for the anal-
yses to ensure the estimates are based on a suffi-
cient number of observations.> We do not estimate
transitory teacher effects (i.e., different estimates
for teachers in each year) because small EL sam-
ple sizes make such estimates unstable.

Specifically, we estimate a teacher fixed-
effects model, as described by Equation 1, that
predicts the test scores in year ¢ for student i in
grade g with teacher j in school s as a function of
the test score in year ¢ — 1, student (Xi), class-
room (C _), and school (Sst) characteristics (for a
detailed 1ist, see Appendix B).* Such controls are
included to mitigate bias that might result from
the assignment of teachers to students with simi-
lar prior test scores but different propensities to
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TABLE 2
Student, Class, and School Characteristics, by EL status

Overall EL Non-EL
M SD M SD M SD
Student
White 0.10 — 0.02 — 0.10 —
Black 0.26 — 0.12 — 0.27 —
Hispanic 0.62 — 0.85 — 0.60 —
Free or reduced-price lunch 0.64 — 0.80 — 0.62 —
Special education 0.10 — 0.07 — 0.11 —
Ever EL 0.10 — 1.00 — 0.00 —
Math score 0.04 0.98 —-0.61 1.08 0.11 0.94
Reading score 0.04 0.98 -0.91 1.00 0.15 0.92
Class
White 0.09 0.13 0.02 0.10 0.10 0.14
Black 0.26 0.33 0.13 0.29 0.28 0.33
Hispanic 0.62 0.32 0.84 0.31 0.59 0.32
Free or reduced-price lunch 0.64 0.26 0.79 0.25 0.63 0.26
Special education 0.10 0.23 0.07 0.22 0.10 0.24
Ever EL 0.10 0.25 1.00 0.00 0.00 0.00
Math score —-0.04 0.75 —-0.94 0.75 0.06 0.70
Reading score —0.06 0.78 -1.30 0.69 0.07 0.70
Spanish fluent teacher 0.41 — 0.63 — 0.37 —
Bilingual certified teacher 0.05 — 0.19 — 0.02 —
School
White 0.09 0.11 0.02 0.06 0.10 0.11
Black 0.26 0.31 0.12 0.27 0.27 0.31
Hispanic 0.62 0.29 0.85 0.27 0.60 0.29
Free or reduced-price lunch 0.64 0.22 0.80 0.18 0.62 0.23
Special education 0.10 0.06 0.07 0.07 0.10 0.06
Ever EL 0.10 0.07 1.00 0.00 0.00 0.00
Math score 0.03 0.36 —0.61 0.39 0.10 0.36
Reading score 0.03 0.36 -0.91 0.35 0.14 0.35

Note. Numbers in table represent averages at the student-year level. EL = English learner.

learn during the course of the year. In addition to
teacher fixed effects (5), we also include year (y)
and grade (o ) fixed effects to control for unob-
servable differences in test score gains due to
variance from year to year (such as a district-wide
policy change) and differences in test score gains
that occur from one grade to the next (such as a
more difficult assessment being used). More
broadly, these fixed effects control for differences
in test score distributions that naturally occur
from year to year and grade to grade. Finally, we
control for a vector of prior year student test
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scores (Aigjs “ 1)) in both math and reading.” For
simplicity, we omit subscripts for academic sub-
ject, but we estimate the model separately for
math and reading. Within each subject, we esti-
mate Equation 1 twice: once using only EL stu-
dents and once using non-EL students.

Afg,zu = Aigf.\\(z—])Bl + XizBZ + Cth} + SXIB4

+6,+v,+to,+¢

&)

igjst*
After estimating the models separately for
ELs and non-ELs in both subjects, we use a
Bayesian shrinkage procedure whereby we
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weight the mean of teacher value-added more
heavily as the standard error for a teacher’s indi-
vidual value-added estimate increases (see
Appendix A for a description of the method).

In what follows, we use teacher fixed-effects
estimates to compare relative teacher efficacy
with ELs and non-ELs. We then use regression
models predicting test scores and controlling for
lagged test scores to investigate which teacher
characteristics are associated with higher gains.
For each research question, we provide a general
description of the models and analytical
approaches used below.

Research Question 1: How Much Does Teacher
Effectiveness Vary Across Classrooms for EL
and Non-EL Students?

Research Question 1 asks whether teachers
are more important for the achievement gains of
ELs or non-ELs, which helps inform discussions
about whether ELs are differentially affected by
educational inputs. For example, if the variance
in the teacher effects is much larger for ELs then
the consequence of having a teacher in the top
quartile of effectiveness would be much more
beneficial for an EL student than for another stu-
dent. Similarly, having a teacher in the bottom
quartile of effectiveness would, in this hypotheti-
cal case, be much more detrimental for ELs.

To answer this question, we compare the vari-
ances of the teacher fixed-effects estimates in
math and reading for teachers of ELs and non-
ELs. We report this comparison for the “true”
value-added estimates, which back out measure-
ment error.” The true estimate is derived by tak-
ing the mean of the square of all the standard
errors for individual teacher fixed-effects esti-
mates, then subtracting that mean from the vari-
ance of the fixed effects. This approach removes
the proportion of a teacher’s value-added that is
due to measurement error. The comparison is
conducted using the administrative and revised
definition of EL, both of which we report in our
findings section.

To determine whether the variances for ELs
and non-ELs are significantly different from
each other, we use a bootstrapping approach. If
we were interested in testing the equality of vari-
ances for the original value-added estimates, we
could simply use a Levene test. However, we

Is a Good Teacher a Good Teacher for All?

cannot use this same test for the true estimates
because we back out the mean standard error of
the estimate from the variance of the entire sam-
ple and therefore no longer have a distribution
on which the Levene test can be performed. As a
baseline to which we can compare the true vari-
ances, we compare our estimates with true esti-
mates for groups of randomly generated ELs and
non-ELs. We generate these “random” ELs by
determining what percent of a given teacher’s
class each year is composed of ELs, and then
randomly assigning students to EL status in the
same proportion. We repeat this process 75 times
so that we have a distribution of variances for
random ELs and non-ELs. We can then see
where the variances for ELs and non-ELs fall
on the sampling distribution and where the dif-
ference in variance between the two groups falls
on the sampling distribution for the random
differences.

Research Question 2: Are Teachers Equally
Effective With ELs and Non-ELs?

We address this question in two ways. First,
we correlate value-added gains (including both
original Pearson correlations and the same esti-
mates corrected for attenuation) for teachers of
ELs and non-ELs separately for math and read-
ing. As we do for the prior question, we also
present correlations using the administrative
definition of EL. Second, we cross-tabulate EL
and non-EL value-added estimates by quintile. In
essence, this combination provides a parametric
(correlations) and nonparametric (cross-tabula-
tions) method of examining the association
between value-added estimates for teachers with
their ELs and non-ELs. Although the nonpara-
metric approach does not correct for attenuation,
it closely resembles the sort of approach to cate-
gorizing teachers by effectiveness used by school
systems, including those using estimates to make
decisions about teacher promotion, retention, and
remediation.” As a way to combine these two
approaches, we estimate Spearman correla-
tions—a nonparametric measure of associa-
tion—across the entire sample and by quintile of
teacher effectiveness with ELs and non-ELs. We
find Spearman correlations that are similar in
magnitude to Pearson correlations; therefore, we
only report the latter.®
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In keeping with the strategy we use for
Research Question 1 to determine the signifi-
cance of differences in value-added estimates,
we compare correlations between value-added
estimates for ELs and non-ELs to the same cor-
relations from our randomly generated sets of
ELs and non-ELs. If the correlations are similar,
then the differences between a teacher’s esti-
mated value-added with ELs and his or her esti-
mated value-added with non-ELs can be
attributed largely to measurement error. However,
if the correlation between teachers’ value-added
with ELs and non-ELs is lower than between ran-
domly generated student groups, then some
teachers are likely differentially effective with
ELs. We supplement the analysis with random
effects estimates which, though more parameter-
ized, allow for the direct measure of the correla-
tion between the two groups accounting for
measurement error.

Research Question 3: Can Measured Teacher
Characteristics Help Explain Differences in
Teacher Effectiveness?

To better understand the source of differences
in value-added estimates, we regress teacher
characteristics on student test performance.
Specifically, our models include covariates for a
teacher’s Spanish fluency and attainment of a
bilingual certification. We do not include these or
other teacher characteristics in Equation 1
because we are interested in the teacher effect,
not the effect of teachers relative to peers who
share certain characteristics. In this part of the
analyses, however, we are interested in whether
teachers with certain characteristics are more
effective.

Our student achievement models include
largely the same controls used in our value-
added models. We also include the teacher
characteristic of interest and an interaction
between EL status and that particular character-
istic.’ In the base model, we include grade and
year fixed effects as controls. The specification
is detailed in Equation 2, which includes the
characteristic of interest, k, and its interaction
with EL status.

Aig/ﬁyz = Aig/'.s'(t—l) B +X;B,+ C/z B, +S,B, @)
+ BSKj + BGK]. xEL+ v, + o, + €,
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To account for the nonrandom sorting of teach-
ers into schools that may be associated with the
characteristic of interest, we run another specifi-
cation similar to Equation 2 that includes a school
fixed effect. These fixed effects allow us to com-
pare how student achievement varies across
teachers with different characteristics within the
same school. Last, we run a third model with
teacher fixed effects, which mitigates the poten-
tial bias of nonrandom assignment of students to
teachers. This last specification allows us to com-
pare the academic performance of EL and non-EL
students within a teacher’s classroom to investi-
gate whether a teacher with specific attributes is
more effective with one group. Note that in the
teacher fixed-effect model, the teacher character-
istic of interest is omitted because it is absorbed
by the teacher fixed effect.

Ideally, we could randomly assign students to
teachers so that we would not be concerned with
omitted variables bias. However, this approach
was not viable. The methods described above,
however, take a large step in accounting for
potential omitted variables. First, rich prior con-
trols in our regression models correct for selec-
tion based on measured characteristics such as
prior test scores and absences. Second, the
school fixed-effects models compare teachers
within the same school and thus remove poten-
tial biases from the sorting of teachers and stu-
dents to schools based on unmeasured
characteristics. Finally, the teacher fixed-effects
model adjusts for the systematic sorting of stu-
dents to teachers even within the same school
and even on unmeasured characteristics. The
remaining potential source of bias is differential
sorting of ELs and non-ELs on unmeasured
characteristics to the same teacher. While it is
feasible that, for example, EL students who
would be more likely to make gains because of
unmeasured characteristics are systematically
sorted to teachers with non-ELs who are less
likely to make gains because of unmeasured
characteristics, this concern is unlikely to be as
great as the two issues addressed above by
school and teacher effects. The results of these
analyses will not be the final word on the rela-
tionship between teacher characteristics and dif-
ferential effectiveness with ELs, but they provide
initial examination of likely hypotheses for these
differential effects.
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TABLE 3

Comparing “True” Value-Added Standard Deviations by School Level for ELs and Randomly Generated ELs

Random
EL Non-EL Difference difference® SDs apart

All grades®

Math 0.153 0.171 0.018 0.025 (0.012) —0.609

Reading 0.11 0.127 0.017 0.015 (0.011) 0.237
Elementary

Math 0.23 0.212 0.015 0.008 (0.011) 0.587

Reading 0.144 0.142 0.002 0.009 (0.011) —1.000
Middle

Math 0.141 0.163 0.022 0.031 (0.011) —0.785

Reading 0.083 0.094 0.011 0.008 (0.016) 0.165
High

Math 0.149 0.128 —0.021 0.020 (0.013) —3.182%

Reading 0.104 0.115 0.011 0.004 (0.009) 0.739

Note. EL = English learner.

*Randomly generated EL mean and standard deviations are based on 75 runs.
"The true differences between ELs and non-ELs using the administrative definition of EL are —.020 in math and —.003 in reading.

Findings

Research Question 1: How Much Does Teacher
Effectiveness Vary Across Classrooms for EL
and Non-EL Students?

Table 3 shows the standard deviations of each
different set of VAM we estimate, that is, each
combination of math or reading and of EL or
non-EL. As discussed in the methods section, for
each set, we report the standard deviation of the
“true” value-added estimates from which we
have subtracted measurement error. Our findings
dovetail with those produced in other value-
added research (Hanushek & Rivkin, 2010).
Specifically, like Hanushek and Rivkin (2010)
who present the standard errors of their shrunk
fixed-effects estimates, we find a shrunk stan-
dard deviation in math value-added of 0.10 (not
reported).

The “true” values are our best estimates of the
actual variance of value-added. Although, in
most cases, the estimates of variance are greater
for teachers of non-ELs than ELs, the differences
are small and similar to what we would expect
given a random draw from similar populations
with equal variances.'® For example, when math
achievement is used as the outcome in Equation
1, the standard deviation of the true teacher
effects is approximately 0.15 for ELs and 0.17

for non-ELs for a difference of 0.02. These dif-
ferences are even smaller in magnitude when
using the administrative definition of EL. For all
students, the difference in standard deviations
between ELs and non-ELs is —0.020 in math and
—0.003 in reading.

To assess whether the differences in standard
deviations are statistically significant for the
true estimates, the last column of Table 3 shows
the standardized difference based on 75 runs in
which we randomly generated ELs and esti-
mated their true standard deviations. We find
that, except in high school math, which may be
an anomaly since it is just one test of eight,
there is no significant difference in the true vari-
ance in value-added of teacher effects for non-
ELs and ELs. In analyses not presented, we
compare the variance estimates obtained in our
fixed effect specification to those obtained
using a random coefficients model in which the
true variance for the two groups is directly esti-
mated from the model. When run for ELs and
non-ELs separately, the difference in the vari-
ance estimates is similar to that of the fixed-
effects model for math, and slightly larger for
reading."!

The results provide evidence that the variances
are similar for ELs and non-ELs, and that observed
differences are likely due to measurement error.
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TABLE 4

Cross-Tabulations of Value-Added for Teachers of ELs and Non-ELs (Math)

Non-EL VA (Quintiles)

EL VA
(Quintiles) 1 2 3 4 5 Total
1 204 132 80 36 15 467
43.68 28.27 17.13 7.71 321 100
49.88 25.14 14.79 7.14 3.69 19.57
2 93 170 124 71 22 480
19.38 3542 25.83 14.79 4.58 100
22.74 32.38 22.92 14.09 5.41 20.12
3 62 121 149 104 48 484
12.81 25 30.79 21.49 9.92 100
15.16 23.05 27.54 20.63 11.79 20.28
4 35 79 133 152 81 480
7.29 16.46 27.71 31.67 16.88 100
8.56 15.05 24.58 30.16 19.9 20.12
5 15 23 55 141 241 475
3.16 4.84 11.58 29.68 50.74 100
3.67 4.38 10.17 27.98 59.21 19.91
Total 409 525 541 504 407 2,386
17.14 22 22.67 21.12 17.06 100
100 100 100 100 100 100

Note. Overall correlation is .6138. EL = English learner; VA = value-added.

We also check that this finding is robust to whether
we estimate the distributions only using teachers
with estimates for both types of students or if we
use all teachers with available data, and find no
observable differences in the results.

Research Question 2: Are Teachers Equally
Effective With ELs and Non-ELs?

All of our models produce high correlations
between value-added for ELs and non-ELs,
though not as high as for randomly generated
groups of students. Teachers who are good with
ELs tend to be good with non-ELs and vice versa,
though some teachers are somewhat better with
one group than the other.

Tables 4 and 5 use value-added estimates
from Equation 1 in math and reading, respec-
tively, to show a transition matrix of teachers’
value-added for ELs and non-ELs by quintile.
First looking at the matrix for math, 59% of the
teachers in the top quintile of value-added for
non-ELs are also in the top quintile of value-
added for ELs. Of those teachers in the bottom
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quintile for non-ELs, 50% are in the bottom
quintile for ELs. These results suggest there is
significant overlap in teachers who are effective
with ELs and non-ELs. Similarly, less than 4% of
teachers are either in both the top quintile for
non-ELs and in the bottom quintile for ELs or in
both the bottom quintile for non-ELs and in the
top quintile for ELs. Very few teachers have high
value-added for one group and low value-added
for the other group.

The overlap for reading is not as great as for
math, but there is still substantial overlap. Forty-
two percent of teachers in the top quintile for non-
ELs are in the top quintile for ELs and 35% of
teachers in the bottom quintile for non-ELs are in
the bottom quintile for ELs. Only 7% of teachers
who are in the top quintile for non-ELs are also in
the bottom quintile for ELs and, again, only 7%
of teachers who are in the bottom quintile for non-
ELs are also in the top quintile for ELs.

Table 6 presents the correlations between
value-added for ELs and non-ELs by school
level. Part of reason for the lack of overlap evi-
dent in the cross-tabulations comes from

Downloaded from http://eepa.aera.net by guest on December 6, 2014


http://eepa.aera.net

TABLE 5

Cross-Tabulations of Value-Added for Teachers of ELs and Non-ELs (Reading)

Non-EL VA (Quintiles)

EL VA
(Quintiles) 1 2 3 4 5 Total
1 150 94 96 41 28 409
36.67 22.98 23.47 10.02 6.85 100
34.72 20.35 18.79 8.56 7.18 17.99
2 124 121 114 74 37 470
26.38 25.74 24.26 15.74 7.87 100
28.7 26.19 22.31 15.45 9.49 20.67
3 82 114 114 106 59 475
17.26 24 24 22.32 12.42 100
18.98 24.68 22.31 22.13 15.13 20.89
4 46 33 110 135 103 477
9.64 174 23.06 28.3 21.59 100
10.65 17.97 21.53 28.18 26.41 20.98
5 30 50 77 123 163 443
6.77 11.29 17.38 27.77 36.79 100
6.94 10.82 15.07 25.68 41.79 19.48
Total 432 462 511 479 390 2,274
19 20.32 22.47 21.06 17.15 100
100 100 100 100 100 100

Note. Overall correlation is .4384. EL = English learner; VA = value-added.

TABLE 6

Comparing Correlations of Teacher Value-Added Scores for Real Versus Randomly Generated ELs

Correlations between ELs and non-ELs for real and randomly generated ELs

EL Randomly generated EL*
Disattenuated/original M (SD) Standardized difference
Math Reading Math Reading Math Reading
Al .89/.61 .80/.44 .67 (.01) 49 (.02) -3.65 -2.16
Elementary .97/.67 .78/.45 .71 (.03) 49 (.03) -1.15 —1.42
Middle .89/.65 .75/.39 .66 (.02) 45 (.03) —0.55 —2.49
High .59/.42 .80/.44 48 (.03) 48 (.03) —2.22 —1.14

Note. EL = English learner.

*Randomly generated EL mean and standard deviations are based on 75 runs.
"These correlations for the administrative definition of EL are .65/.44 in math and .65/.36 in reading.

measurement error. To address this issue, Table 6
includes  attenuation-corrected  correlations,
which tend to be much higher than the uncor-
rected Pearson correlations. We find a correlation
of .89 for Math and .80 for Reading.'* The

attenuation-corrected  correlations are also
high—though not as high—when using the
administrative definition of ELs, roughly .65 in
math and reading. In keeping with Table 4, the
correlation for math is higher than for reading in
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elementary and middle school, though not in
high school. Although the disattenuated correla-
tions are meaningfully higher than those without
the correction, the correlations are still imperfect
(i.e., less than 1.0). Our analysis of randomly
generated groups of students confirms this con-
clusion. When we randomly generated a group of
ELs in the same proportion as is actually in a
teacher’s classroom, the correlation between
value-added for ELs and non-ELs is generally
higher than what we get with actual ELs and non-
ELs, providing evidence that some teachers are
somewhat better with one group than the other.
The last column of Table 5 shows how great the
observed correlation is relative to the sampling
distribution of correlations from random draws.
We want to know whether we could have
obtained the correlations we did just from draw-
ing two groups of similar students instead of one
group of ELs and one of non-ELs. In fact, across
all school levels in math and reading, we see that
we would have been unlikely to draw two corre-
lations as low as we did. For example, while we
find a correlation of .61 between EL and non-EL
value-added, the average correlation from ran-
dom draws is .67 with a standard deviation of
.01. Thus, the difference between the actual and
the random is greater than three standard devia-
tions. In reading, the difference is over two stan-
dard deviations of the sampling distribution
difference."

These findings provide evidence that our
imperfect correlations for ELs and non-ELs are
not due entirely to measurement error. If correla-
tions between real ELs and non-ELs were largely
the result of measurement error, then they would
be closer to those generated for random groups.
The lower correlation in value-added between
real ELs and non-ELs compared with randomly
generated ELs and non-ELs suggests that there
are likelier to be actual differences in value-
added by group, though the differences are not
great.14

Research Question 3: Can Measured Teacher
Characteristics Help Explain Differences in
Teacher Effectiveness?

Tables 7 and 8 show the results of student-
level regression analyses that predict student
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achievement (in math and reading, respectively)
as a function of teacher characteristics described
in Equation 2. The tables give results from mod-
els that include (a) no fixed effects, (b) school
fixed effects, and (c¢) teacher fixed effects. The
coefficients presented are the regression coeffi-
cients from the interaction of EL with the rele-
vant teacher characteristic. Because student test
scores are the outcomes, such a coefficient tells
us what the achievement gap is between ELs and
non-ELs when they have a teacher with a par-
ticular characteristic. For example, at the ele-
mentary level, ELs experience a 0.10 standard
deviation increase in math achievement over
their non-EL counterparts when they have a
teacher who is fluent in Spanish, and a 0.18 stan-
dard deviation gain with a bilingually certified
teacher.

In both math and reading, we see that all but
one of the estimates of the teacher characteristic
interacted with EL in the table that are signifi-
cantly different from zero are positive, indicating
that teachers who are fluent in Spanish or have a
bilingual certification are more effective with
ELs relative to non-ELs. The effect of Spanish
fluency is less pronounced in reading than in
math, and the opposite is true for bilingual certi-
fication. The coefficients for bilingual certifica-
tion at the elementary level are especially large
from a practical standpoint (over one tenth of a
standard deviation in all cases) and are signifi-
cant in all model specifications across math and
reading. In general, these results hold up for
models including a teacher fixed effect, which
controls for the nonrandom sorting of students to
teachers.

Discussion and Conclusion

This study asks whether teachers who are
effective at teaching ELs are the same teachers as
those who are effective at teaching English-
proficient students. We first find little discernible
difference in the importance of teachers for the
achievement gains of ELs and non-ELs. That is,
the variation in teacher effectiveness is generally
as great for ELs as it is for non-ELs. We also find
that teachers who are effective with one group
also tend to be effective with the other group.
This said, some teachers are somewhat more
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TABLE 7

Results of Regressions Using Teacher Characteristics to Predict Student Achievement (Math)

EL vs. non-EL achievement gap

Math No fixed effects School fixed effects Teacher fixed effects
All levels
Spanish fluency x EL 0.055%** 0.048*** 0.044%**
(0.016) (0.013) (0.013)
Bilingual certification x EL 0.039 0.020 0.039
(0.054) (0.056) (0.055)
Elementary
Spanish fluency x EL 0.102%** 0.107%** 0.069%*
(0.029) (0.025) (0.021)
Bilingual certification x EL 0.182%* 0.176* 0.184%**
(0.067) (0.069) (0.036)
Middle
Spanish fluency x EL 0.033 0.022 0.038"
(0.027) (0.020) (0.022)
Bilingual certification X EL -0.077 —0.106* —-0.070
(0.048) (0.050) (0.059)
High
Spanish fluency x EL 0.020 0.019 0.024
(0.028) (0.02) (0.025)
Bilingual certification X EL 0.293 0.250 0.769
(0.251) (0.246) (0.768)

Note. Models include controls for student prior performance and demographic characteristics, comparable classroom average
characteristics, and individual year and grade fixed effects. EL = English learner.

Tp<.1.%p <.05. *%p < 01. ***p < 001.

effective with one group or the other. The two
teacher characteristics that we test—language
proficiency in the students’ first language and
bilingual certification—predict differential posi-
tive effectiveness with ELs.

The implications of the results are twofold.
First, if a goal is to improve outcomes for ELs
and a choice is to assign teachers who are rela-
tively more effective on average than other teach-
ers or to assign teachers who appear to be
relatively more effective with ELs than with
English-proficient students, then the first choice
is likely to lead to better outcomes for ELs. That
is, finding a better teacher for ELs is at least as
much if not more a question of finding an effec-
tive teacher, as it is a question of finding a teacher
who specializes in ELs. The differential effec-
tiveness of teachers with ELs is a relatively small
part of what makes a teacher good with ELs.

The second implication of the results is that
even though the differential effectiveness of
teachers with ELs does not explain a lot of what
makes a teacher good with ELs, we find sugges-
tive evidence that there are specific skills that can
boost teachers’ effectiveness with ELs. In particu-
lar, though not surprising, speaking the student’s
first language appears important, as does bilin-
gual certification.

Finally, the findings raise some questions for
teacher evaluation. The correlation of the true
value-added for ELs and non-ELs is strong but
not perfect. As a result, teachers who would be
classified in one way if rated only on their effec-
tiveness with ELs could be classified in another
way if rated only on their effectiveness with other
students or based on their average effectiveness
score with all students. For illustrative purposes,
we estimate the extent of this misclassification,
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TABLE 8

Results of Regressions Using Teacher Characteristics to Predict Student Achievement (Reading)

EL vs. non-EL achievement gap

School fixed effects

Teacher fixed effects

Reading No fixed effects
All levels
Spanish fluency x EL 0.013
(0.014)
Bilingual certification X EL 0.066**
(0.025)
Elementary
Spanish fluency x EL 0.044"
(0.024)
Bilingual certification X EL 0.100%*
(0.05)
Middle
Spanish fluency x EL 0.003
(0.024)
Bilingual certification x EL 0.058"
(0.031)
High
Spanish fluency x EL 0.003
(0.023)
Bilingual certification X EL 0.068
(0.045)

0.012 0.013
(0.014) (0.012)
0.067** 0.050%*
(0.023) (0.021)
0.0417 0.044"
(0.023) (0.022)
0.100° 0.154%%*
(0.052) (0.039)
0.007 -0.004
(0.021) (0.02)
0.066* 0.046*
(0.032) (0.023)
-0.002 -0.001
(0.022) (0.020)
0.058 -0.042
(0.044) (0.056)

Note. Models include controls for student prior performance and demographic characteristics, comparable classroom average
characteristics, and individual year and grade fixed effects. EL = English learner.

Tp<.1.%p <.05. *%p < 01. ***p < 001.

given the numbers in this study and assuming
that teachers are classified into four equal groups
based on their value-added estimate. First we
compare teachers’ value-added scores for ELs to
their average value-added scores with all their
students. Approximately 40% of teachers would
be differently classified using these different
VAM, though most of the misclassification
would be between contiguous groups—not, for
instance, from the lowest group in one classifica-
tion to the top half using the other VAM. For
example, using math value-added, approximately
6% of teachers who are actually in the least-
effective group with their EL students would be
classified in the second to lowest quartile on the
basis of the observed value-added with all of
their students, and a little less than 1% of these
teachers would be classified as being in the top

470

50% of teachers. Similarly, of teachers who are
truly in the second lowest group with ELs, about
5% would be classified as in the lowest group
using observed value-added with all of their stu-
dents, while about 7% of teachers in this sec-
ond-to-bottom group would be classified as
being in the top half of the distribution.
Misclassification is even worse comparing
value-added with ELs to value-added with non-
ELs with approximately 55% of teachers mis-
classified, though again, the misclassification is
mostly between contiguous groups. Moreover,
because VAM are less precise with ELs (or with
other specific student groups) than they are with
all students, how an evaluation system adjusts
for measurement error can affect teachers’ value-
added estimates differentially for estimates
based only on ELs than for the estimates based
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on larger samples. The imprecision in the unad-
justed EL value-added scores means that teach-
ers will be more likely to receive extreme scores
than they would be with measures for non-ELs.
Conversely, if the evaluation system uses shrunk
scores, the smaller variance for value-added
scores based on ELs will mean that teachers will
be less extreme. The value-added estimates
could be standardized to maintain comparability,
but this is an extra step in the process." In any
case, the clearly large classification differences
and issues of measurement error point to the
drawbacks of relying heavily on value-added
groupings for evaluations.

Like all studies, this one is clearly imperfect.
A number of issues stand out. First, the study
was conducted in M-DCPS. The EL population
in this district differs from that in some large dis-
tricts in that the vast majority is Spanish speak-
ing. This homogeneity has implications for
instruction in comparison with districts with
smaller and more varied EL populations.
Similarly, many English-proficient students also
speak Spanish as do many adults in schools.
These are some of many characteristics that
might make teaching and teaching effectiveness
different in M-DCPS than elsewhere. Second,
we have only lightly touched on characteristics
of teachers that might be associated with differ-
entially more effective teaching for ELs. The
contribution of this article is that it shows that
this differential effect is only a relatively small
part of the total effectiveness of teachers with
ELs. Definitively showing which teacher char-
acteristics drive differential effectiveness is
beyond the scope of this article, because it
requires more focus on the nuances of teaching
and learning and developing a strategy for esti-
mating causal effects than this article can pro-
vide. Finally, the research literature on
value-added modeling is very much in develop-
ment. Although there is a strong research base to
support the approaches we have taken here, it
was beyond the scope of a single article to assess
the implications of all model attributes for our
findings. As our understanding of modeling
improves, the best choice for modeling our
research questions may also change. Further
analysis could expand the value-added models

Is a Good Teacher a Good Teacher for All?

as well as expand the geographic scope of the
analyses and the causal analysis of factors affect-
ing school and teacher value-added with ELs.

Appendix A
Details on Bayesian Shrinkage

Our estimated teacher effect (§ ;) is the sum of a
“true” teacher effect (§.) plus some measurement
error: ' ’

8;,=0;+¢;. )

The empirical Bayes estimate of a teacher’s effect is a
weighted average of their estimated fixed effect and
the average fixed effect in the population where the
weight, 7»/,, is a function of the precision of each teach-

er’s fixed effect and therefore varies by j. The less pre-
cise the estimate, the more we weight the mean. The
more precise the estimate, the more we weight the esti-
mate and the less we weight the mean. Similarly, the
more variable the true score (holding the precision of
the estimate constant) the less we weight the mean,
and the less variable the true score, the more we weight
the mean assuming the true score is probably close to
the mean. The weight, A, should give the proportion of
the variance in what we observe that is due to the vari-
ance in the true score relative to the variance due to
both the variance in the true score and precision of the
estimate. This more efficient estimator of teacher qual-
ity is generated by

E;18,)=(1-2;)(3) +(;)x3;, 3)

2

where A j= %.
(04)° +(o5)
Thus, the term A can be interpreted as the proportion
of total variation in the teacher effects that is attribut-
able to true differences between teachers. The terms in
Equation 4 are unknown so are estimated with sample
analogs.

“4)

(6)* = var(3), )

which is the square of the standard error of the teacher
fixed effects. The variance of the true fixed effect is
determined by

(05)” =(65)° —mean(G,)’, (©)

where (65)2 is the variance of the estimated teacher
fixed effects (Gordon, Kane, & Staiger, 2006; Jacob &
Lefgren, 2005).
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Appendix B

Covariates for value-added models

Covariates for student-level models

Lagged achievement in math and reading
Race

Gender

FRPL status

Whether the student was retained
Special education status

Lagged absences

Lagged suspensions

Grade dummies

Year dummies

Classroom race proportions
Classroom gender proportion
Classroom FRPL proportion
Classroom English learner proportion
Mean classroom lagged achievement
Mean classroom lagged absences
Mean classroom lagged suspensions
School FRPL proportion

School race proportions

Mean school lagged achievement
School enrollment

Lagged achievement in math and reading
Race

Gender

FRPL status

Special education status

Lagged absences

Lagged suspensions

Interaction between special education status and
English learner status

Teacher Spanish fluency or teacher bilingual
certification

Grade dummies

Year dummies

Classroom race proportions

Classroom gender proportion

Classroom FRPL proportion

Classroom English learner proportion
Mean classroom lagged achievement
Mean classroom lagged absences

Mean classroom lagged suspensions
School FRPL proportion

School race proportions

Mean school lagged achievement

School enrollment

Note. FRPL = free or reduced-price lunch.
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Notes

1. This definition matches the one used by Miami—
Dade County Public Schools (M-DCPS) and is there-
fore reflected in the administrative data used in our
sample. In the district, an English learner (EL) in
Grades 3 to 9 can be reclassified as non-EL or “Fully
English Proficient” if he or she meets the following
criteria (at minimum): (a) performs at grade level
on the overall Comprehensive English Language
Learning Assessment (CELLA), (b) scores proficient
or above on the CELLA listening/speaking subtests,
(c) scores proficient or above on the CELLA writing
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subtest, and (d) earns a passing score on the Florida
Comprehensive Assessment Test (FCAT) reading test
(3 or higher).

2. Teachers are considered to have a bilingual cer-
tification if they indicate on the survey that “Foreign
Language/Bilingual” is an area in which they are certi-
fied to teach. In Florida, the certification subjects that
fit under this category are World Languages or English
for Speakers of Other Languages (ESOL). Teachers
who teach ELs must have or be in the process of
obtaining ESOL certification/training. The courses that
are a part of the ESOL endorsement are Testing and
Evaluation of ESOL, Cross-Cultural Communication
and Understanding, Methods of Teaching ESOL,
ESOL Curriculum and Material Development, and
Applied Linguistics (see http://bilingual.dadeschools
.net/BEWL/briefings memos.asp and http://bilingual
.dadeschools.net/BEWL/META/Info.asp for additional
information).

3. We also did not make any limitation on the num-
ber of classes taught by a teacher because the number
of teacher-class-year observations made up by teach-
ers with only one class of data across all years is small
(1% in both math and reading).
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4. We look at teacher effects across schools, so
school fixed effects are not included in the model.

5. Although a student fixed-effect model may theo-
retically do a better job of isolating the teacher effect,
we do not use such a model because of its imprecision
and potential bias (Kane & Staiger, 2008).

6. Although not reported, we estimated the vari-
ances of the raw and shrunk estimates of the fixed
effects. As should be expected, the variances of the
raw scores are greater than the true variances and the
variances of the shrunk scores are smaller than the true
variances.

7. While one might worry that these quintile com-
parisons also underestimate differences that would
occur in practice with less than 7 years of data, the
average years of value-added data for teachers with
non-ELs is 3.5. With ELs, the average is 2.7 years.
While the differences reported might be underesti-
mated compared with estimates of value-added that
use only 2 years of data, that underestimation would
be much less pronounced for school systems that pool
estimates across more than 2 years.

8. Just as the overall Spearman correlations do not
appear to differ more than expected from the overall
Pearson correlations, the Spearman correlations do
not appear to differ much across quintiles. These non-
parametric correlations by quintile are, however, much
lower than the overall correlations, due to reduced
sample size.

9. We do not find differential returns to experi-
ence, and thus do not include teacher experience in
Equation 2.

10. We also estimate the variances in a random
effects framework and found similar results: For ELs,
the standard deviations in reading and math were
0.103 and 0.156, respectively. For non-ELs, the stan-
dard deviations in reading and math were 0.110 and
0.173, respectively.

11. Similarly, the standard deviations of the teacher
effect are approximately the same for teaching EL stu-
dents and non-EL students when using the administra-
tive definition of EL status.

12. We also estimate these correlations in a random
effects framework and find similar results, including
for the attenuation-corrected correlations: .83 in read-
ing and .86 in math.

13. Using the administrative definition of EL sta-
tus, we find somewhat lower but still robust correla-
tions between teacher value-added to test performance
for their ELs and for their non-ELs (approximately
.7 for both math and English language arts [ELA],
disattenuated).

14. We compare the correlations of the teacher
effects obtained in the fixed-effect specification with
those obtained using a random coefficients model in
which the correlation is estimated directly from the

Is a Good Teacher a Good Teacher for All?

model. The results are highly significant correlations of
.84 and .74 in math and reading, respectively, corrobo-
rating the findings from our fixed-effect specification.

15. We thank an unidentified reviewer of this arti-
cle for this insight and analysis.

16. Here, we make the classical errors in variables
(CEV) assumption, assuming that measurement error
is not associated with an unobserved explanatory
variable.
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