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Abstract

Essays on Student Sorting and the Value-Added of Teachers

by

Mária Hedvig Horváth

Doctor of Philosophy in Economics

University of California, Berkeley

Professor David E. Card, Chair

Standardized testing of K-12 students has become common across countries in the last
decade. With the No Child Left behind Act (2001), the U.S. mandated all 3rd-8th grader
public school students to be tested every year with the promise that value-added measures of
teacher quality, computed from student test scores, may be useful tools to help manage the
teacher workforce and improve the efficiency of schools. But this requires that they be reliable
estimates of teacher effectiveness. Because value-added scores are based on observational
data, they may be biased by systematic patterns in the assignments of students to teachers.
Whether assignment processes permit unbiased estimation of teacher value-added is a matter
of great dispute.

In the first chapter, I loosen the assumption from past research that assignment processes
are identical at all schools. Using variance decomposition techniques on the prior year test
score of children, I develop a classification procedure that allows me to identify schools
where assignments are random, and schools where assignments are nonrandom. I show
that about 55% of elementary schools in North Carolina systematically sort students with
higher and lower scores on previous year’s tests to different classes - a pattern of student
“tracking”. About 80% of these schools also allocate the classes of high and low achievers
to the same teachers year after year – a pattern of “matching” teachers to certain students.
In a descriptive analysis, I explore what school- and district-level observable characteristics
are predictive of a school’s sorting practices. I show that larger schools, schools with and
more heterogenous student populations in terms of achievement and free- and reduced price
lunch status, and higher teacher turnover are more likely to engage in tracking & matching.
School district effects explain about 30% of the variation in school-level assignment policies,
mainly due to the district-level socioeconomic environment.

In the second chapter, I leverage the variation in classroom assignment practices to learn
about the magnitude of biases in teacher value-added estimates. Biases are most likely in
tracking & matching schools, and least likely in schools that are neither tracking nor matching
(random schools). I use data on teachers who stay in random assignment schools for two
consecutive years as a control group, and compare them to teachers who switch between
these schools and tracking & matching schools. In a minimum distance framework, using
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the autocovariance of teachers’ value-added staying in or moving between different types
of schools, I can identify both the variance of the bias and the covariance with teachers’
true effects. I document substantial biases in value-added measures. Importantly, these
biases are negatively correlated with teachers’ true effects – teachers who are above average
in their true effectiveness tend to be assigned students who make them look bad. This
negative correlation helps to explain the discrepancy with previous results: Assuming that
the correlation is zero when it is in fact negative, the variance of the bias is understated
by about half. Overall, I conclude that the quality of value-added assessments is likely to
depend on the nature of the student-teacher allocation process used at specific schools or
school systems.

In the third chapter, I estimate the effect of peers, defined as teachers at the same school
and grade level, on the own value-added of teachers. Traditional estimates using leave-out
means imply significant and large positive spillovers among teachers. However, I exploit
a more compelling research design following Mas and Moretti (2009), and approximate the
following thought experiment in a regression framework: A low value-added teacher, Teacher
A is randomly replaced by a new, high value-added teacher, Teacher D, at a particular school-
grade level. How does the value-added of incumbent teachers B and C, who have worked at
the same school-grade the year before, change in response? I find that the replacement of
teacher by a 1 standard deviation (SD) better teacher, incumbent peers’ value added increases
by 0.05-0.12 SDs. When restricting the sample to non-expanding and non-contracting school-
grade levels, and I control for unobserved shocks, spillovers in random assignment schools
become insignificantly different from 0, while remain consistently positive at around 0.06-
0.1 SDs in tracking & matching schools. Looking at changes in student observables in the
incumbents’ classrooms reveals that assignments in random schools do not change, just as
expected. Therefore, the coefficient in these schools is a clean estimate of peer effects, which
in turn are small and insignificant. However, average prior achievement in the incumbent
teachers’s classrooms significantly decrease in tracking & matching schools, and this may
cause the significant spillovers in these schools. The exact mechanism is the subject of
further research.
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Chapter 1

Identifying Classroom Assignment Practices Using

Linked Student-Teacher Data

1.1 Introduction

There is considerable anecdotal evidence that the assignment process of students to teachers
in many schools is far from “random”. Many parents have had the experience of requesting
a preferred teacher for their child. In many schools, teachers confer to decide on classroom
assignments for the incoming students; in others, the decision is made by the principal (in
both cases with input from parents). The process rarely appears on its face to resemble simple
random assignment. Moreover, there are numerous reasons why it may be of interest to
systematically sort weaker and stronger students to different classes. First, it may be helpful
in allowing teachers to target their lessons (Duflo, Dupas and Kremer (2011)). Allocating
certain teachers to the lower-level classes, and others to the higher-level classes may allow
teachers to specialize, or exploit their own comparative advantage. Second, it may also
serve as a mechanism that allows principals to reward certain teachers, or punish others.
Still, previous research have had difficulty finding indirect evidence for nonrandomness when
treating all schools homogeneously.

This chapter contributes to the literature by developing a new framework for assessing
the importance of nonrandom classroom assignment at the school level, in North Carolina.1

I define two kinds of nonrandom classroom assignment practices, tracking and matching,
that have often been lumped together in past work but that have different implications for
value-added analysis. A school tracks if it assigns students to classrooms on the basis of
prior test scores (or other characteristics correlated with them). A school matches if the
same teachers tend to get the high-prior-score classrooms year after year.

Building on a measure introduced by Clotfelter, Ladd and Vigdor (2006), I construct
measures of tracking and matching based on variance decompositions of prior test scores
and other predetermined student characteristics into components that vary across teachers,
across classrooms (years) within teachers, and within classrooms. I explicitly consider the

1I focus on assignment to classrooms within schools. Assignment of students to schools is clearly not
random, and represents another source of potential bias in value-added scores, but is not considered here.
(Clotfelter, Ladd and Vigdor (2006))
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possibility that school-level measures, which can have low power, may misclassify schools.
The test for tracking has great precision, though the power of the test to detect matching is
lower. I then use the simulations in a simulated minimum distance framework to estimate
the true share of each school type and to compute posterior probabilities of being of each
type for every school.

I estimate that 55% of North Carolina elementary schools engage in tracking, and about
80% of these schools also engage in matching. At another 45%, classroom assignments appear
to be purely random. As for other observables, I find that almost all schools balance their
classrooms by gender, and probably due to desegregation efforts, little (though nonzero)
sorting exists by race.

In a follow-up descriptive analysis, I show that larger schools, schools with and more
heterogenous student populations in terms of achievement and free- and reduced price lunch
status, and higher teacher turnover are more likely to engage in tracking & matching. School
district effects explain about 30% of the variation in school-level assignment policies, mainly
due to the district-level socioeconomic environment.

This paper closely relates to three recent papers. Clotfelter, Ladd and Vigdor (2006)
examine heterogeneity in school matching practices as they relate to teachers’ observable
characteristics. Kalogrides, Loeb and Béteille (2013) estimate correlations between teacher
observables and students’ lagged scores, within school-grade-year cells. Both papers find
evidence for some sorts of matching. Dieterle et al. (2013) distinguish between tracking and
matching, as I do, and investigate the sensitivity of different value-added model specifications
to these types of nonrandom classroom assignments.

My analysis builds on this work in a couple of ways. First, I use a simpler, more flexible
measure of tracking and matching than have past authors. Where Dieterle et al. (2013), like
Kalogrides, Loeb and Béteille (2013) and Clotfelter, Ladd and Vigdor (2006), can detect
only matching based on teacher observables, my measure detects other varieties of matching
(such as that based on a teacher’s true effectiveness). Second, I explicitly account for the
potentially low power of the tests, which turns out to be important for the analysis of
matching – many schools that in fact match will not be detected as such in the available
data.

The chapter is organized as follows. In Section 1.2 I describe the dataset I use in all three
chapters of this dissertation. Section 1.3 outlines the basis of the strategy of identifying
schools that engage in some nonrandom classroom assignment practices, either tracking or
matching, while Section 1.4 contains the results. In Section 1.5, I present the refinement of
the classification and my best estimates for the true share of random and sorting schools.
Section 1.6 includes a simple but interesting prediction exercise exploring what school and
district level observable characteristics can predict a school’s assignment policy. Section 1.7
concludes and outlines directions for future work.

1.2 Data

I use an administrative dataset of public K-12 schools provided by the North Carolina Edu-
cation Research Data Center (NCERDC). These data contain the End-of-Grade test scores
of 3rd, 4th and 5th graders from 1995 to 2011, among other variables. Students are linked
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to teachers who proctor the exam, however, for elementary school students these are most
likely to be their classroom teacher. I estimate value-added models on a sample of teachers
from a “base sample” of students for each test subject, reading and math. For a student-year
observation to be included in the base sample for the given subject, the student has to have
valid test scores in the given subject in the given year, lagged test scores in both subjects,
and a valid teacher for the given subject.2 A valid teacher is who has a class listed in the
Student Activity Report in the given year, for the given grade level in the given subject.
Self-contained classes are the dominant form of instruction at elementary schools, and in the
vast majority of cases, a valid math teacher is also a valid reading teacher. Nevertheless,
for 2-3% of the student-year observations, the teacher is valid for only one of the subjects,
which may be explained by earlier specialization in some schools, or coding errors. For
most of my analysis, I measure teacher value-added in math, so I define a classroom as a
school-grade-year-math teacher cell.

Summary statistics are shown in Table (1.1). 4th grade has the most observations due to
missing test scores for 5th grade in 1996 and missing lagged scores for 3rd grade in a number
of years. Lagged test scores in 3rd grade are actually not end-of-2nd grade scores but pretest
scores from the beginning of 3rd grade. Such a test was not administered in every year.

In this chapter, besides district, school, grade, year and teacher indicators, I only use test
scores and four demographic/socio-economic variables: race and gender are available in all
years in the sample, however, the availability of parental education (available: 1995-2006)
and free/reduced price lunch (FRL) eligibility (1999-2006) is restricted to a subset of years.

An important feature of this dataset that I will exploit in Chapters 2 and 3 is that teachers
can be followed as they move between schools, as long as they stay within the North Carolina
public schools system.

1.3 Identifying Classroom Assignment Practices

In this section I describe the methodology I use to identify schools that practice random vs.
nonrandom classroom assignment based on observable characteristics of students. I discuss
the results in the next section. I distinguish between two types of nonrandom assignment
practices: tracking and matching. By tracking, I refer to what Rothstein (2009) describes
as dynamic tracking : students each year are assigned to classes, based on newly observed
attributes, such as test scores from the previous year.3 More formally, this is equivalent to
testing whether a student’s current classroom “predicts” their predetermined characteristics.

2I also exclude students whose gender and race deviates from the mode in on third of the years available
and students with certain disabilities. These disabilities are students with traumatic brain injuries, the
mentally handicapped, the autistic, the deaf/blind, the visually impaired, the orthopedically impaired or the
multi-handicapped. I include in my sample children who are behaviorally-emotionally handicapped, hearing
impaired, speech-language impaired, specific learning disabled and other exceptional children.

3In this section, I describe nonrandom classroom assignment practices based on lagged test achievement.
In Sections 1.4.1.2 and 1.4.2.1, I will investigate tracking and matching practices based on other observable
student characteristics. I find that parental education may have a large influence in classroom assignments
that is independent of lagged test scores. Nevertheless, when I quantify tracking and matching using predicted
scores (an index of all predetermined characteristics from the student level value-added model), I end up
with essentially the same pattern of nonrandom classroom practices as when I use only lagged scores.
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As opposed to tracking, which may only imply a contemporaneous correlation between
student observables and the assigned teacher’s quality, I define matching for detecting a po-
tentially intertemporal correlation. Matching implies that a teacher each year is assigned to
classrooms of students with similar observable characteristics. More formally, under match-
ing, the identity of the current teacher “predicts” the average lagged achievement in her
newly assigned classroom. To see why it is important to distinguish tracking from matching,
consider the following example.

Let us take one grade level at a school in which each year there are two classrooms, taught
by teachers j and k. If this school is tracking its students, in each year one of the classrooms
will be filled up with the high achievers (based on last year’s test scores), while the other
with low achievers. If over time, both teachers j and k get assigned to the high achievers, the
confounding effects of the assignments may “average out” and value-added estimates for the
two teachers may be bias-free. However, if each year teacher j gets the high achievers and
this fact also masks sorting based on unobservables, teacher effect estimates may be seriously
biased. By the matching test, I want to see how prevalent this consistent assignment is across
the years.

Two important thing have to be noted. First, from the example above it may appear,
falsely, that tracking may not cause any problems in value-added estimation. Tracking is
a prerequisite for matching, and as such deserve quantifying on its own right. Also, by
identifying tracking as well, I will be able to more clearly distinguish between schools with
both tracking and matching practices (to be referred to as “nonrandom” assigners) and those
who engage in neither tracking or matching (“random” assigners).

Second, what follows is a purely positive analysis intended to assess the bias in teacher
effect estimates in observational data. It is not suitable for evaluating whether tracking
or matching are harmful or beneficial for students. In fact, matching teachers to certain
types of classrooms may be an efficient allocation mechanism if it is based on comparative
advantages, rather than seniority or nepotism.

1.3.1 Student Tracking

I quantify tracking based on the following test. I first run a regression of lagged scores on
school-grade-year cells and classroom dummies in each school:

L (yit) = αsgt + κc + uit, (1.1)

where L(·) is the lag operator, yit is student i’s test score in year t and S(i, t) = s, G(i, t) = g
and C(i, t) = c are school, grade and classroom assignments.4 The null hypothesis of no
tracking is equivalent to testing that all κc are jointly 0 in each school,

H0 : κc = 0 ∀c.

In other words, this is an F -test based on the ratio of the between-classroom and within-
classroom variances with the appropriate degrees-of-freedom.5 This test yields a p-value for

4Classrooms in practice are defined as school-grade-year-teacher cells, so they are nested within school-
grade-year cells.

5The numerator degrees-of-freedom is the overall number of classrooms in the school minus the number
of school-grade-year cells, while the denominator degrees-of-freedom is the overall number of students in the
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each school.6

1.3.1.1 The Power of the Test

To see if this test is actually suitable for measuring tracking, I have to account for potential
power-related issues. Therefore, I run a simulation on a synthetic dataset, with the same
number of student, school, grade, year and classroom observations as in the real dataset. I
construct a synthetic lagged test score, and calibrate the data generating process for this
variable so that the variance of the classroom and the school-grade-year components are
the same as estimates in the real dataset. These variance components are shown in Table
1.2. Next, I perform the above F -test in each school for the simulated data, and plot the
histogram of the p-values for all the schools.

1.3.2 Teacher Matching

Having identified the schools that are tracking their students, a prerequisite for matching
teachers to classes, let us see next how many of these schools engage in matching. Recall
that intuitively, schools that match tend to assign similar classrooms of students to the same
teacher over time. To quantify the prevalence of this, I perform the following test of matching
using average lagged math score at the classroom level.

I collapse the student-level data to the classroom level and run a regression of average
lagged scores in the classroom on school-grade-year cell and teacher dummies in each school:

L (yc) = αsgt + µj + uc, (1.2)

where L(·) is the lag operator, so L (yc) is the average lagged test score in classroom c.
S(c, t) = s, G(c, t) = g denote the school and grade in which the classroom is observed, and
J(c, t) = j is the teacher assigned to classroom c.7 The regressions are weighted by class
size. The null hypothesis of no matching is equivalent to testing that all µj are jointly 0 in
each school,

H0 : µj = 0 ∀j.

which is an F -test on the ratio of between-teacher and within-teacher variances with the
appropriate degrees-of-freedom. 8This test also yields a p-value for each school.

school minus the overall number of classrooms. Alternatively, one could apply a Chi-squared test for the
null that the classroom means within each school are equal. This test would be robust to heteroskedastic
errors at the student level. However, this is a less powerful test if one wants to examine trends in tracking
over time and across grade levels.

6Besides Clotfelter, Ladd and Vigdor (2006), Lefgren (2004) also performs a similar test, although he
uses its output for a different purpose: He takes the R-squared of regression (1.1) as a continuous measure
of tracking to identify student peer effects.

7Note that since a teacher is observed across years (and potentially schools and grade levels), j is not
nested within school-grade-year cells.

8The numerator degrees-of-freedom is the overall number of teachers in the school minus the number of
school-grade-year cells , while the denominator degrees-of-freedom is the overall number of classrooms in the
school minus the overall number of teachers.
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1.3.3 Simulation: Joint Power of The Tracking and The Matching
Tests

The reason why I run a joint simulation for the tracking and matching test is twofold. First,
as we will see in the resulting graphs from the matching test, there are some signs that this
test may have much lower power than the tracking test. Second, in Section 1.5, I will use
the results of the simulation to estimate the true share of random and tracking & matching
schools in the real data, and to compute a Bayesian posterior probability of being a tracking
& matching or random school, for each school.

Thus, I run a simulation, similar to that described in Section 1.4.1.1, but this time
for the two tests, tracking and matching, jointly. As before, I use the number of student,
classroom, and school-grade-year observations from the real data, and the DGP is generated
so that the variance components of the synthetic lagged scores reflect their estimates in
the real data. In the simulation, I generate 3 types of schools: (i) schools that assign
students and teachers randomly to classrooms (“random”); (ii) those that track students
but do not match teachers to classrooms (“tracking only”); and (iii) those that perform both
tracking and matching (“tracking & matching”). The proportion of each type reflects the
results of the classifications in sections 1.3.1 and 1.3.2: Students at a random 60% of schools
have both classroom and school-grade-year components in their scores (tracking schools),
while the remaining 40% have only a school-grade-year component (randomly assigning
schools). Students at a random half of tracking schools were also given a time-invariant
teacher component in their scores (tracking & matching schools). Table 1.4 summarizes the
features of this data generating process for lagged scores.

I run the tracking test described above on the simulated scores and then collapse the
data to the classroom level and run the matching test. As a result, each school obtains a
p-value for tracking and a p-value for matching.

1.4 Results

1.4.1 Tracking

In Figure 1.1, Panels A and B, I plot the histogram of the tracking test p-values, in 5% bins.
The graph shows a striking spike in the first bin. If we adopt the convention of rejecting
the null hypothesis of no tracking for p-values smaller or equal to 5%, we conclude that over
50% of schools engage in tracking.9 The extreme left skew of the distribution provides clear
evidence of tracking.

A similar histogram is shown in Figure (1.2), Panels A and B, separately school size.10

Looking at the graphs, it appears that large schools are more likely to engage in tracking.
However, that is not necessarily the case. The histogram bars for small schools drop off
more gradually, which indicates that the test for small schools may not have as much power.

9If the null hypothesis of no tracking were true, the histogram would be a set of bars with equal, 0.05
height.

10I define large and small schools as follows. I take all students in the base sample who went to the given
school across all years and grade levels. Large schools will be the ones who have above median number of
students overall, while small schools are the below median ones.
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When quantifying the prevalence of tracking, one has to take into account such power issues.
I will do that in Section 1.4.1.1.

Note that a spike in the right-most bin would suggest that some schools intentionally
balance the composition of their classrooms by lagged test scores. This is also a form of
nonrandom assignment, for which I find very little evidence here.

1.4.1.1 The Power of the Test

The resulting graphs from the tracking test simulation are shown in Figures 1.3.
The first plot at the top shows that the p-values from the baseline specification, where

none of the schools are tracking, have a uniform distribution. In contrast, when I assume
that all schools track, I correctly predict this for 90% of the sample - suggesting my test
has nearly 90% of power. For large schools (Panel B), my estimated power is even higher,
essentially 100%. That is, among schools with above median size that practice tracking
(defined as having a p-value less than or equal to 0.05 in the above F -test), I correctly
predict this with 100% probability. Among small schools, the test does a slightly worse job
detecting tracking only 80% of the time.11

Returning to my results in Figure (1.2), my power tests suggest that nearly 60% of
large schools track their students. Since I find that I can correctly detect tracking among
small schools only 80% of the time, results in Figure (1.2) likely understate true tracking.
Adjusting for this, I find that 0.5/0.8 = 0.625 of the small schools are tracking, which is
remarkably similar to what we found for large schools. Overall, I conclude that about 60%
of all schools engage in tracking.12

1.4.1.2 Tracking on Other Observables

So far I have been focusing on tracking based on lagged test scores, however, it is interesting
to look at tracking on other predetermined variables. Here, I compute the same tracking
statistic using female/male, white/non-white, college educated parents/lower educated par-
ents and free- or reduced price lunch (FRL) eligible/not eligible dummies on the left handside
of eq. (1.1). Again, I classify schools as tracking on the given variable if the p-value obtained
from the F -test of within- and between-classroom variances is less then or equal to 0.05.
All these statistics are computed using only school-grade-year cells where there are sufficient

11The results of the simulation can also be summarized in a table that shows the percent correctly
predicted from the test, when tracking is defined as having a p-value of less than or equal to 0.05. Table 1.3
shows these results.

I also performed the simulation exercise with a mix of tracking and non-tracking schools, which reveals
both type-I and type-II errors related to the test. I classified 60% of the schools as tracking, as suggested
by the tracking test results in Section 1.3.1. The misclassification table for this specification is shown in
Appendix Table A.1. The table reveals that the share of correctly specified schools is around 93%, while
according to the posterior probabilities (shown in Panel B), if a school was classified random (tracking),
then it is truly random (tracking) with probability 0.89 (0.96). These are other pieces of evidence suggesting
that this test of tracking is very powerful. Furthermore, the test appears rather conservative, as there are
somewhat more tracking schools that are not detected to be tracking than non-tracking schools misclassified
as tracking.

12Recall that tracking is formally defined as having a p-value less than or equal to 0.05 in the test above.
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number of students from both groups.13 Results are shown in Appendix Figure A.1. One
striking result is that the gender composition of classrooms is extremely balanced, as shown
by the huge excess mass in the right tail of the p-value distribution in Panel A. Panel B also
shows evidence of about 40% of the schools balancing on race. I also find a small portion
of schools that appear to be tracking on race. This may be the result of either: intentional
segregation, or, and more likely, tracking based on race actually due to tracking based on
lagged scores. I will check this below. In Panel C, I find a large number of schools tracking
on parental education, even more than the number of those that track on lagged scores. This
may signal that more involved parents have stronger preferences about classrooms within
schools. Finally, about 40 of schools track on FRL eligibility, although some of this may also
be due to tracking on lagged scores.

Correlations of my measures of tracking on different observable characteristics are dis-
played in Table A.2. Unsurprisingly, tracking on lagged math scores is highly correlated
with tracking on lagged reading scores. This means that in elementary schools, classrooms
either do not specialize in math or reading, or children’s knowledge in the two subjects are
not easily differentiated by the test itself. Correlation between tracking on lagged scores and
other socio-economic background variables is smaller, but still positive.

To check how much of the tracking based on these demographic and socio-economic
characteristics is independent of tracking on lagged scores, I run the same regressions as in
eq. (1.1) with the above four student characteristics on the left handside, adding lagged
math and reading scores as controls. I perform the same F -test for the joint significance of
classroom dummies and again obtained p-values for each school. These “conditional” p-values
are plotted in histograms separately for schools that do track on either math or reading lagged
scores, and for schools that do not. Figure 1.4 shows the results. Strong balancing on gender
is robust to controlling for lagged scores, as is balancing on race, especially among schools
that do not track on lagged scores. Notice that the few schools that appeared earlier to be
tracking on race stop doing so once we control for tracking on lagged scores. Nevertheless, the
vast majority of tracking on parental education or FRL status holds up, even after taking
into account tracking based on lagged scores. Moreover, tracking on parental education
and FRL status is more prevalent among schools that track on lagged scores as well. This
suggests that classroom assignment may be based on factors unobservable to the researcher
as well.

1.4.2 Matching

and I plot the histogram of these p-values in 5% bins in Figure (1.5) Panels A and B.
These graphs have a similar interpretation as the tracking results in Figures 1.1 and 1.2.

Thus, if we defined matching as having a p-value of less than or equal to 0.05 in the above
test, then we would classify 40% of all schools matching. Recall, however, that schools can
logically only engage in matching if they also engage in tracking. Therefore, it is more useful
to look at the prevalence of matching among tracking schools. This is shown in Figure 1.6,
Panels A and B, which reveals that almost 50% of tracking schools also engage in matching

13I require at least 15% white and nonwhite, 15% FRL eligible and non-eligible students, and at least
10% with and without college educated parents.
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teachers persistently to certain types of classrooms. If schools did not match according to
my definition, then the graph would yield a uniform distribution. The left-skew suggests
clear evidence of matching. However, two other features of the graph indicate that this test
may not be very powerful. First, the height of the bars are gradually decreasing beyond the
first bin. Second, I also find a non-negligible fraction of non-tracking schools matching. I
return to these issues and the power of the test in Section 1.3.3 below. For now, note that if
we look at matching among large schools only, where we would expect the test to have more
power, we see that 60% of tracking schools also engage in matching (see Figure 1.6 Panels
C and D).

Interestingly, there appears to be no schools that intentionally try to balance teacher
assignments over time. In these figures, schools that balance teacher assignments would be
indicated by an excess mass at the right tail of the distribution.

1.4.2.1 Matching on Other Observables

It may be of interest to look at whether schools persistently match teachers using other
observable characteristics as well. Therefore, I run the school-level matching regressions, eq.
(1.2), with dependent variables percent female, percent white, percent with college educated
parents and percent free- or reduced price lunch eligible students in the classroom. Again,
these regressions are run only using school-grade-year cells in which there are a sufficient
proportion of student from each group. Appendix Figure A.2 shows the histogram of p-
values for the F -test with “no matching” as the null hypothesis, among schools that engage
in tracking based on the given variable.14 As we saw in Section 1.4.1.2, there are very
few schools that track on gender or race. Therefore, the matching histograms for these
two variables are meaningless, I just report them for the sake of completeness. There is
some evidence of matching on FRL status, however, this is mostly prevalent in schools that
track based on lagged test scores. In contrast, matching certain teachers to classroom with
high vs. low proportion of kids with college educated parents seems a common practice,
even in schools that do not track students by lagged scores. This means that my final
categorization may understate the number of tracking & matching schools. On the one
hand, that would suggest that nonrandom assignment potentially causing biases in teacher
value-added scores are even more prevalent than measured here. On the other hand, even
in that case, the approach I take will underestimate biases in teacher value-added score that
are due to nonrandom sorting.

When I compute the matching statistics using these demographic and socio-economics
characteristics additionally controlling for lagged math and reading scores, the plots of p-
values (Figure 1.715) reveal that the small evidence of matching on FRL composition we saw
above is washed away.16 That is, teachers are matched on average previous achievement,

14The same graphs for schools that do not engage in tracking based on the given variable are hard to
interpret, as tracking is a “prerequisite” for matching. Nevertheless, these graphs are shown in Appendix
Figure A.3. Panels B-D show some evidence for matching in schools that track on lagged scores but so small
that it can be due to misclassification.

15The same graphs for schools that do not engage in tracking based on the given variable are shown in
Appendix Figure A.4, and reassuringly, do not show any evidence of matching.

16Similarly to above, the sample of schools that track on gender or race is very small, so Panels A-B are
only reported for the sake of completeness.
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which confounds with FRL composition. On the other hand, matching on parental education
is robust to controlling for lagged scores and appears even among schools that randomly
assign their students based on lagged scores. This pattern is consistent with anecdotical
evidence that highly educated parents try to get their kids into the classrooms with the
same teachers year after year.

1.4.3 Simulation: Joint Power of The Tracking and The Matching
Tests

We saw some signs in the previous subsection that the matching test may have low power.
To check this, I run a simulation, similar to that described in Section 1.4.1.1, but this time
for the two tests, tracking and matching, jointly. As before, I use the number of student,
classroom, and school-grade-year observations from the real data, and the DGP is generated
so that the variance components of the synthetic lagged scores reflect their estimates in
the real data. In the simulation, I generate 3 types of schools: (i) schools that assign
students and teachers randomly to classrooms (“random”); (ii) those that track students
but do not match teachers to classrooms (“tracking only”); and (iii) those that perform both
tracking and matching (“tracking & matching”). The proportion of each type reflects the
results of the classifications in sections 1.3.1 and 1.3.2: Students at a random 60% of schools
have both classroom and school-grade-year components in their scores (tracking schools),
while the remaining 40% have only a school-grade-year component (randomly assigning
schools). Students at a random half of tracking schools were also given a time-invariant
teacher component in their scores (tracking & matching schools). Table 1.4 summarizes the
features of this data generating process for lagged scores.

I run the tracking test described above on the simulated scores and then collapse the
data to the classroom level and run the matching test. As a result, each school obtains a
p-value for tracking and a p-value for matching. I classify schools as tracking (matching) if
their tracking (matching) p-value is less than or equal to 0.05, and I summarize the results
in Table 1.5, a three-way misclassification table that shows the percent correctly predicted.

Summing the values along the diagonal, the table shows that 74.7% of schools are cor-
rectly classified. Misclassification arises as a serious issue only in one case: schools that are
generated to be both trackers and matchers. About 60% of these schools are correctly clas-
sified as tracking but not as matching as well. It is interesting to note that schools that only
reject matching and not tracking (however, tracking is logically a presumption for matching)
but not tracking appear to come from to the truly randomly assigning group.

When one wants to use such a classification, as I will in the next two chapters, posterior
probabilities in Panel B of 1.5 may be of greater interest. It shows how much mistake we make
if we classify schools based on the conventional 5% p-value cutoff rule in both tests. We can
be highly confident that schools classified random are truly random (with 0.92 probability).
However, there are considerable type-I and type-II errors between the tracking-only and the
tracking & matching categories. This calls for a more sophisticated classification method.
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1.4.4 Conventional Empirical Classification of Schools

The conventional way to classify schools would be based on the p-values of the tracking and
the matching test in the following way. Table 1.6 shows this empirical classification.

1. Randomly assigning schools: schools for which both the tracking and the matching
tests (in both math and reading) failed to reject the null at the 0.05 level (upper left
cell in Table 1.6).17

2. Tracking-only schools: schools for which the tracking test is rejected at the 0.05 level,
but the matching test fails to reject the null (lower left cell in Table 1.6). I will not
use this set of schools in the analysis below.

3. Tracking & matching (or “nonrandom”) schools: schools for which I reject the null
at the 0.05 level for both the tracking and matching tests in either math or reading
(lower right cell in Table 1.6). This may be the group for whom teacher value-added
estimates may be the most severely biased.

These two groups are quite robust even if we measure tracking & matching based on (i) a
weighted average of lagged math and reading scores (where the weights come from the coef-
ficients on the lagged score variables in a student-level value-added model), or (ii) predicted
scores from all observable variables in a student-level value-added model. As Table 1.7 shows,
there are essentially no random assignment schools on lagged scores that appear tracking &
matching on these other two variables, while there are almost no tracking & matching schools
on lagged scores that appear random on these variables. Classification based on a weighted
average of observables other than lagged scores (including parental education for instance)
performs somewhat worse, however, as Table 1.7 suggests, classification on lagged scores is
rather conservative: there are more random schools on lagged scores that appear tracking
& matching on other observables, and relatively few who are tracking & matching based
on lagged scores but random on other observables. This again supports that nonrandom
assignment may be more prevalent than quantified here and so my approach may just yield
a lower bound on biases in teacher value-added scores introduced by nonrandom sorting.

Nevertheless, two consideration suggest to refine this conventional classification. First,
type-I and type-II errors between tracking-only and tracking & matching schools are sub-
stantial (See Panel B of Table 1.5). And second, the fact that the classification depends on
two parameters (the two p-values) makes any sensitivity analysis cumbersome. Therefore,
I go one step further, and using the results of the joint simulation, I compute a posterior
probability of being random, tracking-only and tracking & matching, for every school. This
approach also has the advantage that I can give an estimate of the true shares of each type in
the population of North Carolina elementary schools, even though for the individual schools,
some misclassification may exist. The final classification will be determined so that the
empirical classification best matches these true shares.18

17Technically, schools that reject the “no matching” test only (upper right cell in Table 1.6) also belong
in this group, as the simulation shows they are misclassifications in the truly randomly assigning group. I
decide to not use this group of schools in the rest of the analysis, but the results are robust to their inclusion
as random assigners.

18As we will see, this classification almost always (with 30 out of 1,415 exceptions) coincide with a rule
that classifies based on the maximum of these posterior probabilities. That is, if for school A, the probability
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1.5 Posterior Probabilities of Assignment Policy

This section describes a refinement of the conventional classification that p-values would
yield. As an important by-product, I will be able to estimate the true share of random,
tracking-only and tracking & matching schools.19

I first run the joint tracking-matching simulation 30 times, 10 times with all schools
being truly random, 10 times all being tracking-only and 10 times all schools being tracking
& matching.20 This allows me to determine the conditional p-value distribution in 5% bins
given true type. That is, for k, l = 1, . . . , 20:

Pr (0.05(k − 1) < pt ≤ 0.05k, 0.05(l − 1) < pm ≤ 0.05l | true type) .

This yields a 202 × 3 matrix, F .
From the tracking and matching tests on the real data, I have the empirical p-value

distribution in 5% bins:

P̂r (0.05(k − 1) < pt ≤ 0.05k, 0.05(l − 1) < pm ≤ 0.05l) ,

for k, l = 1, . . . , 20, which yields a 202 × 1 “matrix”, G.
Next, let us assume that the (prior) true type distribution is

π (a, b) =

 πR
πT
πTM

 =


1

1+exp(a)+exp(b)
exp(a)

1+exp(a)+exp(b)
exp(b)

1+exp(a)+exp(b)

 ,

and perform a two-step GMM,21 so minimize the criterion function

min
a,b

(G− Fπ(a, b))
′
W−1 (G− Fπ(a, b)) ,

where in the first step W is the identity matrix, while in the second stage it is the esti-
mated variance-covariance matrix formed from the first-step parameter estimates and the
generalized inverse of the analytical variance,

diag
(
Fπ(â1, b̂1)

)−1

− 11
′
.

The second-stage estimates,

π
(
â2, b̂2

)
=

 π̂2
R

π̂2
T

π̂2
TM

 =


1

1+exp(â2)+exp(b̂2)
exp(â2)

1+exp(â2)+exp(b̂2)
exp(b)

1+exp(â2)+exp(b̂2)

 ,

of being random (tracking-only/tracking & matching) is the largest, then school will be classified random
(tracking-only/tracking & matching).

19Also, this approach does not allow for a “matching-only” class of schools, which intuitively does not
make sense, hereby decreasing the ambiguities.

20As conceptually, true M types don’t exist.
I run the simulation 10 times for each type, to get a reasonable dense p-value distribution.
21Defining π as a logistic function of a and b ensures that the optimization will yield probabilities that

sum to 1.
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give us the estimated true shares of each school type in the population of North Carolina
elementary schools. The estimation yields π̂1

R

π̂1
T

π̂1
TM

 =

 0.464
0.078
0.458

 , S.E. =

 0.014
0.018
0.057

 ,

 π̂2
R

π̂2
T

π̂2
TM

 ==

 0.456
0.093
0.451

 , S.E. =

 0.014
0.014
0.037

 , (1.3)

and with another iteration, the estimates remain the same up to third decimal. That
is, about 55% of elementary schools in North Carolina engage in some kind of nonrandom
classroom assignment practices (tracking), and about 80% of these schools also engage in
matching. The remaining 45% appear to randomly assign students to classrooms and teach-
ers.

Using these estimates as priors and the empirical tracking and matching p-values for each
school, I can compute a posterior probability for each school being random, tracking-only or
tracking & matching:

Pr (true type | 0.05(k − 1) < pt ≤ 0.05k, 0.05(l − 1) < pm ≤ 0.05l) =

=
Pr (0.05(k − 1) < pt ≤ 0.05k, 0.05(l − 1) < pm ≤ 0.05l|true type) π̂true type∑

true type∈R,T,TM

Pr (0.05(k − 1) < pt ≤ 0.05k, 0.05(l − 1) < pm ≤ 0.05l|true type) π̂true type

,

for k, l = 1, . . . , 20. Figures 1.8-1.9 show the implied posterior probabilities. As in the next
two chapters, I will focus on the two extremes, schools that are random and those that are
tracking & matching, these graphs also highlight the posterior probabilities for these two
types.

As both graphs show, it is clear which schools are random and which do some kind of
sorting. This is due to the high power of the tracking test we saw before. However, it is
less clear from the graphs, which of the sorting schools are both tracking and matching.
Therefore, in Figure 1.9, the dashed lines denote my preferred cutoff values: schools in the
lower right corner are classified random, those in the upper left corner tracking & matching,
while those in the lower left corner tracking-only. These cutoffs were chosen so that the
implied fractions of each type best match the estimates 1.3. By the way, except in 30 (out of
1,415) cases these cutoffs yield the same classification as we would get if classified all schools
to be the type with the maximal posterior probability.

This simulated minimum distance strategy is, of course, not distinct from but is a re-
finement of the classification solely based on the tracking and matching p-values, with the
difference being that it uses the additional information from the simulations. The resulting
classification actually corresponds, on the one hand, to a tracking p-value cutoff of 5% (ex-
actly the conventional level), and a matching p-value of 45% on the other hand. That is, as
expected from the lower power of the matching test, a more loosely defined cutoff fits the
simulated data better.

In the next section, as well as in Chapter 2 and 3 of my dissertation, I will use this refined
classification based on posterior probabilities.
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1.6 School Characteristics Predicting Assignment Prac-

tices

Now that schools have been classified by their sorting practices, it is of interest to see if
some readily observed characteristics can actually predict these practices. Therefore, I run
linear probability models of whether a school is tracking & matching (random) on school and
district level characteristics, observed in the School Report Card data files, also provided
by the NCERDC. The variables I use are listed in Section A.1. As my focus is prediction
here, I start with a full model with all the potential regressors and select out the irrelevant
ones based on the AIC criterion. I run four specification for each assignment type (tracking
& matching or random): (i) only school-level predictors; (ii) selected school-level predictors
and their district-level mean added; (iii) both school-level predictors and district-level means
chosen by model selection; and (iv) school-level predictors with district effects added.

Results are shown in Table . Interestingly, larger schools (measured by the log number of
students) are not robustly more likely to be sorting. The strongest predictor of assignment
practices appears to be socioeconomic background, measured by the share of free- or reduced
price lunch (FRL) eligible students. Moreover, the relationship is quadratic, that is the more
heterogenous the school is, the more likely it sorts students to teachers, while if almost all
students are not eligible, or almost all are eligible, the assignment practices are more likely
to be random, with the turning point being a little under 50% of the students being FRL
eligible. Disciplinary problems (measured by short and long suspensions) are weekly but
negatively related with sorting, while the higher the teacher turnover is, the less likely it is
for the school to be random.

Dispersion in achievement is another variable showing a strong relationship with sorting.
To interpret these patterns, recall that my sorting measure is calculated from 3rd, 4th and
5th grade lagged scores, that is, 2nd, 3rd and 4th grade end-of-grade score.22 Exactly that
is why it is puzzling, why 2nd grade (“before”) test score test score standard deviation is
negatively correlated with sorting, while the 5th grade (“after”) one is negatively. This
calls for future work and suggests that tracking & matching may also have causal effects on
achievement.23

From columns (2)-(4) and (6)-(8), we can see that districts are good predictors of school-
level assignment policies. variance decomposition shows that districts explain about 30% of
the variation in these school-level assignment policies. However, unobserved district effects
(columns 4 and 8) are black boxes, when district means are added to the models (columns
3-4 and 7-8), those are also highly jointly significant. Although coefficients on the district-
means are not reported in the table, the strongest predictors are again FRL status (again
quadratically) and teacher turnover.

22Although the 3rd grade lagged scores is technically from the beginning of 3rd grade.
23Research on the effects of tracking is ample (see for instance, Lefgren (2004), Duflo et al. (2011), Alzen

and Domingue (2013) or Card and Giuliano (2014)), research on the effects of matching on student achieve-
ment is non-existent. Probably the closest are papers estimating heterogenous teacher effects (Lockwood
and McCaffrey (2009), Baird and Bergman (2014)).
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1.7 Conclusion and Future Work

In this chapter, I classified schools into two categories using variance decomposition tech-
niques and a simulated minimum distance strategy. About 45% of all schools were found
to engage in both tracking and matching based on lagged test scores, while another 45%
were classified as random assigners. This analysis confirms that there are substantial hetero-
geneities across schools in their classroom assignment practices, although previous research
treated school systems as homogenous. I also find that almost all schools balance their class-
rooms by gender, and probably due to desegregation efforts, little (though nonzero) sorting
exists by race.

In a prediction exercise, I show that larger schools, schools with and more heterogenous
student populations in terms of achievement and free- and reduced price lunch status, and
higher teacher turnover are more likely to be tracking & matching. School district effects
explain about 30% of the variation in school-level assignment policies, mainly due to the
district-level socioeconomic environment.

My main measure of nonrandom classroom assignment is based on lagged test scores
that can be controlled for in value-added models. However, I find that at many tracking
& matching schools parental education – generally not controlled for in value-added models
– predicts teacher assignments conditional on the lagged test score. This is in line with
anecdotical evidence that more involved parents actively fight for a preferred teacher.

The fact that different observables lead to different classification of schools calls for room
for improvement in the classification method that can account for the dimensionality of such
a problem, that is, can handling sorting along multiple dimensions. It may be a superior
approach to treat schools sorting if they sort along one dimension of many, i.e. sort along
lagged achievement or parental education. Such an improvement can be addressed in a
mixture model framework and is next on my research agenda.
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Tables

Table 1.1: Summary Statistics of the Student-Level Data

N mean sd min max years available

Test scores mean(math) 2,842,551 0.077 0.971 -4.958 3.037 1995-2011
mean(reading) 2,840,369 0.068 0.968 -4.575 3.149

Race white 2,842,551 0.618 1995-2011
black 0.269
hispanic 0.059
asian 0.018
other 0.036

Gender female 2,842,551 0.501 1995-2011
Parental education parent <HS 1,991,512 0.097

parent=HS 0.424
parent some coll 0.211
parent coll or more 0.269

FRL status free lunch elig 1,416,426 0.346 1999-2006
reduced price lunch elig 0.093

Exceptionality gifted 2,542,416 0.122 1995-2009
other exceptional (7 cats.) 0.084

TV/other electronics None 2,826,174 0.070 1995-2011
1-5 hours (3 cats.) 0.836
6+ hours a school day 0.094

Homework 0-1 hours a week (2 cats.) 2,829,539 0.344 1995-2011
1-3 hours a week 0.338
3 to 10+ hours a week 0.309
has hw but does not do 0.009

Days absent 0-7 days 918,765 0.719 1995-2000
8-20 days (2 cats.) 0.262
21+ days 0.019

Grade level grade=3 719,558 1997-2005, 2007, 2009
grade=4 1,100,351 1995-2011
grade=5 1,022,642 1995, 1997-2011

Observations num student-years 2,842,551
num students 1,487,863
num teachers 38,472
num classrooms 154,547
num school-grade-years 50,478
num schools 1,543

Note: Student-level base sample. Years used differ by grade level due to availability of current and lagged
scores. Math and reading scores are standardized to have mean 0 and standard deviation 1 by each grade
and year, for all non-missing observations. The base sample is still somewhat selective, as it contains only
student-year observations, where teachers to math classroom was successfully matched, the student had non-
missing lagged test scores and were not classified exceptional because of traumatic brain injuries, mental
handicap, autism, being deaf/blind, visually impairment, orthopedic impairment or being multi-handicapped.
Other exceptional status includes children who are behaviorally-emotionally handicapped, hearing impaired,
specific learning disabled, speech-language impaired and other health impaired.
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Table 1.2: Simulation of Tracking: Variance of Test Score Components in DGP

proportions type
Variance Components

classroom school-grade-year noise

0% non-tracking - N (0, 0.352) N (0, 1− 0.352)
100% tracking N (0, 0.252) N (0, 0.352) N (0, 1− 0.352 − 0.252)

Note: Variance components used to simulate the power of the tracking test. The data generating process for a synthetic, student-level lagged test
score was specified using random draws from the corresponding distributions in the table, according to

L(yit) = αsgt + κc + uit,

where αsgt ∼ N
(
0, 0.352

)
is the school-grade-year component, κc ∼ N

(
0, 0.252

)
is the classroom component and uit ∼ N

(
0, 1− 0.352 − 0.252

)
is

noise. See more details in Section 1.4.1.1.

Table 1.3: Simulation of Tracking: Classification Shares

# schools=1,415 don’t reject reject Total

small schools 0.199 0.801 1.000 (0.483)
large schools 0.002 0.998 1.000 (0.517)
Total 0.097 0.903 1.000

Note: Share of correctly and misclassified schools in the simulation of the tracking test, using the number of student, classroom, school and school-
grade-year observations from the real data. Statistics are shown by school size, as the test is likely to perform worse for small schools. Large (small)
schools are defined to have above (below) median number of students from the base sample across all years. The more powerful the test is, the higher
the rejection rate is relative to row totals. This test has essentially 100% power for large schools and about 80% power for small schools. See more
details in Section 1.3.1.1.
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Table 1.4: Simulation of Tracking and Matching: Variance of Test Score Components in DGP

proportions type
Variance Components

classroom teacher school-grade-year noise

40% random - - N (0, 0.352) N (0, 1− 0.352)
30% tracking but not matching N (0, 0.252) - N (0, 0.352) N (0, 1− 0.352 − 0.252)
30% tracking and matching N (0, 0.182) N (0, 0.152) N (0, 0.352) N (0, 1− 0.352 − 0.182 − 0.152)

Note: Variance components used to simulate the power of the joint tracking-matching test. 40% of schools are prescribed to be randomly assigning,
30% to track students only, while 30% to track students and match teachers persistently to classrooms. The data generating process for a synthetic,
student-level lagged test score was specified using random draws from the corresponding distributions in the table, according to

L(yit) = αsgt + κc + µj + uit.

The tracking test was then performed and afterwards the synthetic data was collapsed to the classroom level to perform the matching test. See more
details in Section 1.3.3.
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Table 1.5: Simulation of Tracking and Matching

Panel A: Classification shares

reject neither reject ”no tracking” reject ”no matching” reject both Total

random 0.897 0.051 0.051 0.000 1.000 (0.409)
tracking 0.058 0.884 0.000 0.058 1.000 (0.310)
matching 0.000 0.000 0.000 0.000 0.000
tracking-matching 0.050 0.569 0.004 0.377 1.000 (0.281)
Total 0.399 0.455 0.022 0.124 1.000

Panel B: Posterior probabilities

classified / inferred truth random tracking tracking-matching

reject neither 0.919 0.045 0.035
reject ”no tracking” 0.046 0.602 0.351
reject ”no matching” 0.948 0.000 0.051
reject both 0.000 0.145 0.854

Note: Classification shares conditional on true type and true types conditional on classification of schools in the joint simulation of the tracking and
matching test, using the number of student, classroom, school and school-grade-year observations from the real data. 40% of schools were prescribed
to be random assigners, 30% to only track students, and 30% to both track students and persistently match teachers to classrooms. No schools were
prescribed to match only. The more powerful the test is, the higher the diagonal elements should be relative to row sums. Total percent correctly
classified is 74.7%. The tracking part has almost 90% power, however, the matching has only about 40%. 92% percent of schools classified random
are truly random, while 85% of schools classified tracking are truly tracking. See more details in Section 1.3.3.

19



Table 1.6: Tracking and Matching: Empirical Distribution and Classification

# schools
non-matching matching Total

(% schools)

non-tracking
414 133 547

(29.3) (9.4) (38.7)

tracking
433 435 868

(30.6) (30.7) (61.3)

Total
847 568 1,415

(59.9) (40.1) (100.0)

Note: Based on the performed variance decomposition tests, this table shows the empirical distribution of schools according to their classroom
assignment practices. A conventional classification based on a 5% p-value cutoff rule on both tests would imply to classify schools that are not
tracking students (40.2%) as “random assigners”, while those that both track students and persistently match teachers to classrooms, as “nonrandom
assigners” (or “tracking & matching”; 31.6%). The rest of the schools (28.2%) would be classified tracking-only. See more details in Section 1.3.3.20



Table 1.7: Different Measures of Tracking & Matching

(1) (2) (3) (4) (5) (6)
wgt lagged scores pred score index of other observables

VARIABLES R TM R TM R TM

R on lagged scores 0.959 0.000 0.925 0.000 0.452 0.171
(0.010) (0.000) (0.013) (0.000) (0.024) (0.019)

TM on lagged scores 0.007 0.885 0.007 0.892 0.057 0.685
(0.004) (0.015) (0.004) (0.015) (0.011) (0.022)

Observations 849 849 849 849 849 849
R-squared 0.952 0.885 0.918 0.892 0.405 0.586

Note: Robust standard errors in parentheses. Linear probability models, school-level base sample. Dependent variables: indicators of random (in odd
columns) or tracking & matching (in even columns) on (1) weighted average of lagged reading and math scores, with weights being the coefficients of
lagged scores in the student-level VAM; (2) predicted score, from all observables (see details in Section 2.3.1); and (3) weighted average of observables
other than lagged scores, with weights being the coefficients of these observables in the student-level VAM. Independent variable: indicator for tracking
& matching on lagged scores. The sample consists of schools that can be classified into the 2 groups based on lagged scores (independent variable),
have non-missing dependent variable but may not be clearly classifiable to R or TM based but may not be clearly classifiable based on the dependent
variable. See details on classification in Section 1.3.
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Table 1.8: Predictors of Assignment Practices

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES TM TM TM TM R R R R

log(students) 0.411*** 0.160 0.182*** 0.161 -0.260 -0.038 -0.039
(0.152) (0.123) (0.053) (0.124) (0.167) (0.142) (0.142)

log(teachers) -0.209 0.024 0.023 0.194 0.006 0.013
(0.193) (0.139) (0.143) (0.210) (0.163) (0.166)

black share 0.525* 0.090 0.058 -0.302 0.313 0.377
(0.289) (0.305) (0.328) (0.293) (0.294) (0.318)

black share sq -0.420 -0.151 -0.147 0.160 -0.303 -0.359
(0.317) (0.344) (0.374) (0.325) (0.303) (0.336)

hisp share -0.643 -0.552 -0.508 0.096 0.244 0.166
(0.711) (0.681) (0.721) (0.666) (0.649) (0.650)

hisp share sq 1.917 1.960 0.790 1.696 -1.072 -1.612 -1.047 -1.371
(1.481) (1.543) (0.644) (1.523) (1.373) (1.479) (0.648) (1.350)

FRL share 1.352** 0.677 0.772** 0.836* -1.446*** -1.112** -0.743** -1.280***
(0.537) (0.475) (0.388) (0.481) (0.537) (0.462) (0.372) (0.483)

FRL share sq -1.653*** -0.992** -1.068** -1.106** 1.948*** 1.609*** 1.281*** 1.749***
(0.493) (0.490) (0.419) (0.525) (0.492) (0.464) (0.393) (0.530)

1-yr tchr turnover, pct 0.790 0.282 0.425 -1.236*** -0.724* -0.841 -0.844*
(0.485) (0.361) (0.396) (0.449) (0.399) (0.526) (0.434)

pct tchrs 0-3 yrs experience -0.403
(0.271)

pct tchrs fully lic -0.884
(0.588)

short susp per 100 studs -0.006*** -0.005*** -0.004** -0.006*** 0.003 0.002 0.003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

long susp per 100 studs -0.326** 0.432***
(0.128) (0.132)

st dev of 2nd grade reading scores -1.476*** -1.183*** -1.416*** -0.996*** 1.449*** 1.160*** 1.226*** 0.942***
(0.357) (0.333) (0.361) (0.367) (0.365) (0.311) (0.342) (0.323)

st dev of 5th grade reading scores 0.701* 1.017** 0.950** -0.343 -0.658* -0.583
(0.377) (0.404) (0.422) (0.364) (0.361) (0.361)

st dev of 5th grade math scores 1.102*** -0.647**
(0.382) (0.318)

town 0.077 0.069 0.082 0.056 -0.097* -0.112* -0.092* -0.092
(0.052) (0.053) (0.052) (0.052) (0.057) (0.061) (0.054) (0.061)

Constant -0.980* -0.132 0.050 -0.693 0.763 -0.498 -1.527 0.523
(0.511) (1.352) (1.534) (0.508) (0.545) (1.437) (1.756) (0.494)

Observations 1,249 1,249 1,249 1,249 1,249 1,249 1,249 1,249
R-squared 0.074 0.120 0.126 0.291 0.056 0.102 0.115 0.295
district means added selected added selected
district means F p-value 0.008 0.000 0.000 0.000
district effects yes yes
district effects F p-value 0.000 0.000

Note: * p<0.1, ** p<0.05, *** p<0.01. Standard errors, clustered at the district level, in parentheses. Linear
probability models to predict assignment practices with school- and district-level observed characteristics.
School-level base sample. Dependent variables: indicators of random (columns 1-4) or tracking & matching
(columns 4-8). Predictors are selected backwards from a full set described in Section A.1, based on the AIC
criterion.
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Figures

Figure 1.1: Histogram of p-values for no tracking

Panel A: By Lagged Math Scores
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Panel B: By Lagged Reading Scores
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Note: Distributions of p-values are displayed from F -test on the joint significance of classroom effects within
school-grade-year cells. Student-level regressions for each school, dependent variables: lagged math or reading
scores. Null hypothesis: no tracking (current classroom assignment does not predict prior achievement).
Each school is represented by a p-value. Under the null hypothesis, the histogram would look like a uniform
distribution. Schools in the first bin are classified as tracking students. Schools in the last bin are the few
ones who intentionally balance their classes based on prior achievement.
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Figure 1.2: Histogram of p-values for no tracking by school size

Panel A: By Lagged Math Scores
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Panel B: By Lagged Reading Scores
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Note: Distributions of p-values are displayed from F -test on the joint significance of classroom effects within
school-grade-year cells. Student-level regressions for each school, dependent variables: lagged math or reading
scores. Null hypothesis: no tracking (current classroom assignment does not predict prior achievement).
Each school is represented by a p-value. Under the null hypothesis, the histogram would look like a uniform
distribution. Schools in the first bin are classified as tracking students. Schools in the last bin are the few
ones who intentionally balance their classes based on prior achievement. Large (small) schools are defined
to have above (below) median number of students from the base sample across all years.
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Figure 1.3: Simulation: Histogram of p-values for no tracking

Panel A: All schools, tracking vs. non-tracking
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Panel B: Tracking large vs. small schools
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Note: Distributions of p-values are displayed from F -test on the joint significance of classroom effects within
school-grade-year cells, in simulated data. test. Number of student, classroom, school and school-grade-year
observations borrowed from the real data. Student-level regressions for each school, dependent variables:
lagged synthetic test scores. Null hypothesis: no tracking (current classroom assignment does not predict
prior achievement). Each school is represented by a p-value. Under the null hypothesis, the histogram looks
like a uniform distribution (see baseline in Panel A). Schools in the first bin are classified as tracking students
(see “w/ classroom component” in Panel A). Large (small) schools are defined to have above (below) median
number of students from the base sample across all years. The closer the first bins are to 1 for “w/ classroom
component” in Panel A and in Panel B, the more powerful the test proves to be.
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Figure 1.4: Histogram of p-values for no tracking by other observables, controlling for lagged
scores
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By Female/Male
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Tracking/non−tracking defined based on lagged scores.
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Panel B:
By White/Nonwhite
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Tracking/non−tracking defined based on lagged scores.
# of non−tracking schools= 773, # of tracking schools= 528

school level, math classroom, with lagged score controls

Distribution of p−values for tracking on white−nonwhite

Panel C:
By College/Lower Educated Parents

0
.2

.4
.6

.8
1

F
ra

c
ti
o

n

0 .2 .4 .6 .8 1
F−test p−value

non−tracking tracking

Tracking/non−tracking defined based on lagged scores.
# of non−tracking schools= 798, # of tracking schools= 531

school level, math classroom, with lagged score controls

Distribution of p−values for tracking on college educated parents

Panel D:
By FRL Eligible/Non-eligible
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Tracking/non−tracking defined based on lagged scores.
# of non−tracking schools= 778, # of tracking schools= 472

school level, math classroom, with lagged score controls

Distribution of p−values for tracking on FRL status

Note: Distribution of p-values are displayed from F -test on the joint significance of classroom effects within
school-grade-year cells, controlling for lagged math and reading scores. Student-level regressions for each
school, dependent variables: female indicator/white indicator/college educated parents indicator/FRL eligi-
ble indicator. Estimation sample for white/nonwhite (parental education/FRL) includes observations from
school-grade-year cells where there is at least 15% white (college educated parent/FRL eligible) and 15% non-
white (less than college educated parent/FRL non-eligible) students. Null hypothesis: no tracking (current
classroom assignment does not predict predetermined observable characteristics). Each school is represented
by a p-value. Under the null hypothesis, the histogram would look like a uniform distribution. Schools in
the first bin are classified as tracking students. Schools in the last bin are the ones who intentionally balance
their classes based on prior achievement.
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Figure 1.5: Histogram of p-values for no matching

Panel A: By Lagged Math Scores
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Panel B: By Lagged Reading Scores
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Note: Distributions of p-values are displayed from F -test on the joint significance of teacher effects
within school-grade-year cells. Classroom-level regressions for each school, dependent variables: percent
female/white/college educated parents/FRL eligible. Null hypothesis: no matching (current teacher assign-
ment does not predict average prior achievement in the classroom). Each school is represented by a p-value.
Under the null hypothesis, the histogram would look like a uniform distribution. Schools in the first bin are
classified as persistently matching the same teachers to classroom of similar composition of students. Schools
in the last bin would be the ones who intentionally balance their their teacher assignments across the years.
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Figure 1.6: Histogram of p-values for no matching
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Tracking/non−tracking defined based on lagged scores.
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Panel B:
All Schools, By Lagged Reading Scores
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Tracking/non−tracking defined based on lagged scores.
# of large schools: 846, # of small schols: 569

school level, math classroom by lagged reading score

Distribution of p−values for matching

Panel C:
Large Schools, By Lagged Math Scores
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Tracking/non−tracking defined based on lagged scores.
# of tracking schools: 474, # of non−tracking schools: 271

school level, math classroom by lagged math score, large schools only

Distribution of p−values for matching

Panel D:
Large Schools, By Lagged Reading Scores
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Tracking/non−tracking defined based on lagged scores.
# of tracking schools: 474, # of non−tracking schools: 271

school level, math classroom by lagged reading score, large schools only

Distribution of p−values for matching

Note: Distributions of p-values are displayed from F -test on the joint significance of teacher effects within
school-grade-year cells. Classroom-level regressions for each school. Null hypothesis: no matching (current
teacher assignment does not predict average prior achievement in the classroom). Each school is represented
by a p-value. Under the null hypothesis, the histogram would look like a uniform distribution. Schools in
the first bin are classified as persistently matching the same teachers to classroom of similar composition of
students. Schools in the last bin would be the ones who intentionally balance their their teacher assignments
across the years. Large (small) schools are defined to have above (below) median number of students from
the base sample across all years.

28



Figure 1.7: Histogram of p-values for no matching by other observables, controlling for lagged
scores (conditional on tracking on the given variable)
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Note: Distributions of p-values are displayed from F -test on the joint significance of teacher effects within
school-grade-year cells, controlling for average lagged math and reading scores. Classroom-level regressions
for each school, dependent variables: percent female/white/college educated parents/FRL eligible. Esti-
mation sample for white/nonwhite (parental education/FRL) includes observations from school-grade-year
cells where there is at least 15% white (college educated parent/FRL eligible) and 15% nonwhite (less than
college educated parent/FRL non-eligible) students. Null hypothesis: no matching (current teacher assign-
ment does not predict average predetermined characteristics in the classroom). Only schools that engage in
tracking based on the respective variable are shown. Each school is represented by a p-value. Under the null
hypothesis, the histogram would look like a uniform distribution. Schools in the first bin are classified as
persistently matching the same teachers to classroom of similar composition of students. Schools in the last
bin would be the ones who intentionally balance their their teacher assignments across the years. Note that
in Panels A-B, due to very few schools engaging in tracking based on gender or race, sample sizes are very
small.

29



Figure 1.8: Histogram of posterior probabilities for assignment policy
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Note: Posterior probabilities for being a random (R) school and for being a tracking & matching (TM)
school. Each school is represented by a probability for being R and one for being TM. See more details on
the estimation in Section 1.5.

Figure 1.9: Relationship between posterior probabilities
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Note: Relationship between posterior probabilities for being a random (R) school and for being a tracking
& matching (TM) school. Scatter plot, where each school is represented by a dot. Dashed lines represent
cutoffs for classification so that the empirical classification best matches the estimated true shares of each
type: Schools in the lower right corner are classified random, those in the lower left corner are classified
tracking-only, while those in the upper left corner are classified tracking & matching. See more details on
the estimation in Section 1.5.
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A.1 Appendix

School Characteristics Used to Predict Assignment Practices

The full set of variables I use to predict school assignment practices is the following:

• Variables related to school size:

– log number of students

– log number of full-time teachers

– indicators for suburban/town/rural school (reference group: urban)

• Minorities, poverty, achievement and disciplinary problems:

– black student share and its square

– hispanic student share and its square

– free- and reduced price lunch eligibility (FRL) share and its square

– crimes/short suspensions/long suspension/expulsions per 100 students

– standard deviation of of 2nd/5th grade reading/math scores in school, across all
years

– % at grade level in math/reading

– indicator for average yearly progress met

• Teacher characteristics:

– % of teachers with 0-3 years of experience

– % of fully licensed teachers; % of teachers with emergency/provisional license

– 1-year teacher turnover, in %

– % of classrooms taught by highly qualified teachers

These are school-year level variables. For the regressions, I average them over as many years
as they are available for. For the district level, I simply average the school characteristics
for all the schools in the given district.
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Tables

Table A.1: Simulation of Tracking with a Mix of Tracking and Non-Tracking schools: Percent
Correctly Predicted and Misclassification

Panel A: Classification shares

# schools=1,415 don’t reject reject Total
non-tracking 0.941 0.056 1.000 (0.408)
tracking 0.078 0.922 1.000 (0.592)
Total 0.431 0.569 1.000

Panel B: Posterior probabilities
classified / inferred truth random tracking

don’t reject 0.891 0.107
reject 0.040 0.959

Note: Classification shares conditional on true type and true types conditional on classification of schools
in the simulation of the tracking test with a mix of tracking (60%) and non-tracking (40%) schools. The
simulation uses the number of student, classroom, school and school-grade-year observations from the real
data. The more powerful the test is, the higher the share of correctly specified schools are (the sum of
numbers in the diagonal). 89% percent of schools classified random are truly random, while 96% of schools
classified tracking are truly tracking. See more details in Section 1.4.1.1.

Table A.2: Correlation of Tracking by Different Observables

# schools=1082 lagged math lagged reading female white-nonwhite coll. educ. parents FRL elig.

lagged math 1.000
lagged reading 0.763 1.000

female 0.035 0.039 1.000
white-nonwhite 0.200 0.224 0.092 1.000

coll. educ. parents 0.227 0.237 -0.006 0.078 1.000
FRL eli. 0.336 0.307 0.032 0.244 0.215 1.000

Note: Correlation between tracking indicators by different observable characteristics. Higher numbers mean
schools that track based on one variables, also tend to track based on the other. Correlation coefficients
are weighted by school size. Number of student observations: 2,396,524. Tracking is defined as having a
p-value≤0.05 in the tracking F -test. In this case, the tracking F -test was performed independently for each
variable, without controlling for anything else other than school-grade-year cells.
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Figures

Figure A.1: Histogram of p-values for no tracking by other observables
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Panel C:
By College/Lower Educated Parents
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Panel D:
By FRL Eligible/Non-eligible
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Note: Distributions of p-values are displayed from F -test on the joint significance of classroom effects within
school-grade-year cells, not controlling for prior achievement. Student-level regressions for each school, depen-
dent variables: female indicator/white indicator/college educated parents indicator/FRL eligible indicator.
Estimation sample for white/nonwhite (parental education/FRL) includes observations from school-grade-
year cells where there is at least 15% white (college educated parent/FRL eligible) and 15% nonwhite (less
than college educated parent/FRL non-eligible) students. Null hypothesis: no tracking (current classroom
assignment does not predetermined observable characteristics). Each school is represented by a p-value.
Under the null hypothesis, the histogram would look like a uniform distribution. Schools in the first bin are
classified as tracking students. Schools in the last bin are the ones who intentionally balance their classes
based on the respective variable.
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Figure A.2: Histogram of p-values for no matching by other observables (conditional on
tracking on the given variable)
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Panel D:
By Fraction FRL Eligible
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Note: Distributions of p-values are displayed from F -test on the joint significance of teacher effects within
school-grade-year cells, not controlling for average prior achievement. Classroom-level regressions for each
school, dependent variables: percent female/white/college educated parents/FRL eligible. Estimation sample
for white/nonwhite (parental education/FRL) includes observations from school-grade-year cells where there
is at least 15% white (college educated parent/FRL eligible) and 15% nonwhite (less than college educated
parent/FRL non-eligible) students. Null hypothesis: no matching (current teacher assignment does not
predict average predetermined characteristics in the classroom). Only schools that engage in tracking based
on the respective variable are shown. Each school is represented by a p-value. Under the null hypothesis,
the histogram would look like a uniform distribution. Schools in the first bin are classified as persistently
matching the same teachers to classroom of similar composition of students. Schools in the last bin would
be the ones who intentionally balance their their teacher assignments across the years. Note that in Panels
A-B, due to very few schools engaging in tracking based on gender or race, sample sizes are very small.
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Figure A.3: Histogram of p-values for no matching by other observables (conditional on
non-tracking on the given variable)
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Panel C:
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# of random schools: 236, # of tracking&matching schools: 162
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Note: Distributions of p-values are displayed from F -test on the joint significance of teacher effects within
school-grade-year cells, not controlling for average prior achievement. Classroom-level regressions for each
school, dependent variables: percent female/white/college educated parents/FRL eligible. Estimation sam-
ple for white/nonwhite (parental education/FRL) includes observations from school-grade-year cells where
there is at least 15% white (college educated parent/FRL eligible) and 15% nonwhite (less than college ed-
ucated parent/FRL non-eligible) students. Null hypothesis: no matching (current teacher assignment does
not predict average predetermined characteristics in the classroom). Only schools that do not engage in
tracking based on the respective variable are shown. Each school is represented by a p-value. Under the null
hypothesis, the histogram would look like a uniform distribution. Schools in the first bin are classified as
persistently matching the same teachers to classroom of similar composition of students. Schools in the last
bin would be the ones who intentionally balance their their teacher assignments across the years.
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Figure A.4: Histogram of p-values for no matching by other observables, controlling for
lagged scores (conditional on non-tracking on the given variable)
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Panel C:
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Note: Distributions of p-values are displayed from F -test on the joint significance of teacher effects within
school-grade-year cells, controlling for average lagged math and reading scores. Classroom-level regressions
for each school, dependent variables: percent female/white/college educated parents/FRL eligible. Estima-
tion sample for white/nonwhite (parental education/FRL) includes observations from school-grade-year cells
where there is at least 15% white (college educated parent/FRL eligible) and 15% nonwhite (less than col-
lege educated parent/FRL non-eligible) students. Null hypothesis: no matching (current teacher assignment
does not predict average predetermined characteristics in the classroom). Only schools that do not engage
in tracking based on the respective variable are shown. Each school is represented by a p-value. Under the
null hypothesis, the histogram would look like a uniform distribution. Schools in the first bin are classified
as persistently matching the same teachers to classroom of similar composition of students. Schools in the
last bin would be the ones who intentionally balance their their teacher assignments across the years.
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Chapter 2

Implications of Classroom Assignment Policies on

Teacher Value-Added Estimation

2.1 Introduction

After many years of unsuccessful search for observable characteristics that can identify more
or less effective teachers, a new body of research suggests that relatively simple measures of
teacher effectiveness – constructed from student test scores that are routinely administered
in virtually all public schools – can be used to classify teachers and help manage the teacher
workforce.1 Indeed, a number of recent papers have argued that value-added measures are
reliable enough to serve as a basis for firing and promotion decisions, and for allocating
financial rewards.2

Despite the enthusiasm of many researchers, a number of criticisms have been raised of
value-added assessment procedures. One concern is that value-added measurements may
create incentives for teachers to “teach to the test”. Answering this concern, Chetty, Fried-
man and Rockoff (2014b) show that high value-added teachers also have long-run impacts
on non-test related outcomes such as college enrollment and earnings.3 A second concern
is that value-added scores may not be fair, unbiased estimates of teachers’ effectiveness.
Value-added estimates are coefficients from simple OLS regression models on observational
data, and may be biased if students are not randomly assigned to classrooms, and if the
model controls – most importantly, the student’s prior year scores – are not sufficient to

1Earliest examples include Rockoff (2004); Nye, Konstantopoulos and Hedges (2004); Rivkin, Hanushek
and Kain (2005).

2See e.g. Aaronson, Barrow and Sander (2007) or “Big Study Links Good Teachers to Lasting
Gain” in New York Times, January 6, 2012 (source: http://www.nytimes.com/2012/01/06/education/big-
study-links-good-teachers-to-lasting-gain.html?pagewanted=all& r=0) and its continuation at “Can a Few
Years’ Data Reveal Bad Teachers?” (New York Times, Room for Debate, January 16, 2012, source:
http://www.nytimes.com/roomfordebate/2012/01/16/can-a-few-years-data-reveal-bad-teachers), and else-
where in the blogosphere.

3Rothstein (2014) argues that the magnitude and significance of these results are largely sensitive to the
inclusion of control variables. On the same point, teaching to the test may be a reason for the moderately
strong correlation between different test score based value-added measures and teacher evaluations from
principal/student/other observer ratings. See more in Harris and Sass (2007); Jacob and Lefgren (2008);
Kane et al. (2013) and Rothstein and Mathis (2013).
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absorb this non-randomness. Economists are generally skeptical of “causal” interpretations
of such purely observational estimates when there is no a priori reason to expect random
assignment.

In Chapter 1, I showed that even at the elementary level, a nontrivial fraction of schools
engage in systematic sorting practices. A natural question is whether the systematic patterns
of classroom assignments create bias in value-added scores. Research on this question is
inconclusive. Recent papers such as Chetty, Friedman and Rockoff (2014a) or Bacher-Hicks,
Kane and Staiger (2014) argue, based on quasi-experimental analyses of teacher switches,
that sorting to classrooms based on unobservable characteristics is so small that the bias
it introduces to value-added estimates is negligible. On the other hand, Rothstein (2014)
questions the validity of the teacher-switching quasi-experiment, and in line with earlier
works (Rothstein (2009), Rothstein (2010)), he maintains that the estimates may carry a
nontrivial teacher-level bias.

Existing estimates of bias in value-added scores have two important features in common.
First, all are predicated on the implicit assumption that any bias in a teacher’s value-added
score is uncorrelated with her true effectiveness. This assumption is unfounded, and may not
hold in practice. Second, they treat the presence or absence of bias and its magnitude, as
constant across a whole school system, and have nothing to say about any variation across
schools with potentially quite heterogeneous assignment practices.

I showed in Chapter 1 that there are considerable heterogeneities across school in their
assignment practices. In this chapter, I will exploit this variation to identify biases in teacher
value-added scores in a new way, which also allows me directly estimate the correlation
between biases and true teacher effects, assumed away in previous research.

My measures of nonrandom classroom assignment is purely based on observable charac-
teristics of students (e.g. lagged test score) that can be controlled for in value-added models.
However, similarly to Rothstein (2009) or Altonji, Elder and Taber (2005) and Oster (2014)
in other contexts, I argue that under most reasonable scenarios, sorting based on observables
signals that sorting on unobservables is likely as well, and thus at least suggests the potential
for bias in value-added scores. In support of this, I find that at many tracking & matching
schools parental education – generally not controlled for in value-added models – predicts
teacher assignments conditional on the lagged test score. This points to the possibility that
teacher value-added scores may be biased for teachers at tracking & matching schools, where
there is less reason to expect bias at schools that neither track nor match.

In this chapter, I quantify the bias at the tracking & matching schools. My strategy for
this exploits teacher movements between schools, either within type (matching or not) or
between. I show that the covariance of a teacher’s value-added score from one year to the
next varies between stayers and different types of movers, and that these covariances, along
with the across-teacher variance of value-added estimates at each type of school, identify the
magnitude of any biases and their correlation with teachers’ true effects.

Method of moments estimates indicate that the variance of biases at matching schools
is substantial, but that these biases are strongly negatively correlated with teachers’ true
effects. Immediate implications are that how well teacher value-added scores predict stu-
dent achievement on average may be context-dependent: they may do quite a good job in
randomly assigning schools but less so in matching ones.

The correlation between the bias and the true teacher effects has not previously been
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estimated, but has important implications. In particular, it can help to reconcile my results
with those of other studies that find little or no evidence of bias. As discussed by Chetty,
Friedman and Rockoff (2014a), existing strategies for measuring bias (the teacher switching
quasi-experiment used by Chetty, Friedman and Rockoff (2014a) and Bacher-Hicks, Kane
and Staiger (2014), as well as experimental methods used by Kane and Staiger (2008) and
Kane et al. (2013)) have zero power in the “knife-edge” case where the covariance between
bias and teachers’ true effects equals minus the variance of the bias. My point estimates are
quite close to this value, which always lies within the confidence interval, implying that these
past estimates are likely to have substantially understated the true magnitude of biases. My
results are thus highly relevant for policy: While Chetty, Friedman and Rockoff (2014a) and
others’ estimates of “forecast bias” tell us that value-added models commonly used yield
approximately unbiased predictions of the change in average student achievement following
a change in the teaching pool at a school (subject to Rothstein (2014)’s critique), they are
not informative about the use of these models to evaluate individual teachers. This use
appears much more tenuous and subject to quantitatively important biases.

Clotfelter, Ladd and Vigdor (2006) and Kalogrides, Loeb and Béteille (2013) both inves-
tigate and find evidence for sorting practices of schools by observable student and teacher
characteristics, and both highlight the potential implications on value-added estimation.
Two other papers pursue that issue. Alzen and Domingue (2013) classify schools as tracking
and non-tracking, and investigate differences in teacher value-added between the two types.
They do not find evidence of any differences, though their sample is quite small. Dieterle
et al. (2013) distinguish between tracking and matching, as I do, and investigate the sensi-
tivity of different value-added model specifications to these types of nonrandom classroom
assignments.

My analysis in this chapter builds on their work, by using the design established in the
matching analysis (in Chapter 1) to identify key moments of the distribution of bias in value-
added scores, rather than simply pointing to the possibility for such bias or, as in Dieterle
et al. (2013), documenting differences in scores obtained from different specifications of the
value-added model.

The chapter is organized as follows. Section 2 lays out why nonrandom classroom assign-
ment is problematic in teacher value-added estimation, while in Section 3, I briefly describe
the method I use to estimate teacher value-added, and set up the structure of teacher value-
added that school-level classroom assignment practices imply and show how that structure
can be used to pin down the magnitude of the bias in value-added estimates. Section 4
contains the main results and a discussion, while Section 5 concludes.

2.2 Framework

I adopt the framework of value-added models (VAMs) to develop a new strategy to assess
whether they yield unbiased estimates of teacher effectiveness.

Value-added models are versions of education production functions (Hanushek (1971)),
which focus on isolating the effect of one specific input (mostly schools or teachers) on
short-run testing outcomes, while assuming that the influence of other or earlier inputs are
absorbed by prior achievement and other controls. I settle with the common specification of
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additively separable inputs, with the goal to estimate teacher effects. Assume that the true
data generating process for the end-of-grade test score of student i in year t is

yit = Xitβ + Zitρ+ νit, (2.1)

where

νit = µj + θjt + εit, (2.2)

as in Kane and Staiger (2008). Xit are observable student characteristics, including prior
achievement. They are also meant to capture school-grade-year level determinants of achieve-
ment, such as the principal or the facilities in school.4 Zit consists of student characteristics
that are unobserved to the econometrician, but may be observable for the school principal,
who can thus use both Xit and Zit to assign students to classrooms. When thinking about
X and Z, I will primarily have lagged scores (X) and parental involvement (Z) in mind.
Therefore, and without loss of generality, I will assume that both factors in X and Z increase
test scores, that is, β > 0 and ρ > 0.

Most importantly in the specification above, νit can be decomposed as (2.2), where
J(i, t) = j denotes the teacher assignment of student i in year t, within the school. µj’s,
the time-invariant teacher effects, are the parameters of interest. θjt captures classroom-
level influences, such as year-to-year variation in within-classroom peer interactions. It can
also reflect student assignments: If the group of students assigned to teacher j in year t is
higher performing than would be expected based on the characteristics Xit and Zit, this will
manifest as a positive θjt. εit is student-level unobserved heterogeneity, net of any component
that is common in the whole classroom and therefore picked up by θjt.

As Zit is unobserved, it cannot be included in the estimated version of eq. (2.1), so the
researcher will end up estimating the partially controlled equation,

yit = Xitβ̃ + ν̃it, (2.3)

where β̃ = β+κρ, and κ is the projection coefficient of Z on X, which captures the correlation
between Z and X. In my interpretation of X and Z, it is natural to assume κ > 0, and the
residual, Z̃it can be thought of as the inherent assertiveness of parents, independently of the
child’s lagged scores. Then, since Z̃it = Zit − κXit,

ν̃it = Z̃itρ+ νit = µj + θ̃jt + ε̃it,

where
θ̃jt = Z̃jtρ+ θjt (2.4)

and ε̃it =
(
Z̃it − Z̃jt

)
ρ+ εit.

5

The assumption needed to identify µj is that there is no systematic variation in θ̃jt across
teachers. As classrooms are nested within teachers, it is not possible to estimate teacher ef-
fects with fixed effects for classrooms. Accordingly, value-added specifications typically treat

4In the analysis below, in some specifications, I either include school-grade-year fixed effects or school-
grade-year peer characteristics to account for such factors.

5Averaging of Z̃ takes place at the teacher-year level.
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θ̃jt as part of the error term. When this is done, µj is seen as the component of the classroom
mean that is common across years for the same teacher, and θ̃jt as the annual deviation from
this. The implicit assumption is that the components of the classroom-level outcome other
than the teacher’s causal effect – including, in particular, the component attributable to
unobserved differences in students – are independent across classrooms within teachers.6 A
central question in value-added estimation is whether this is correct, or whether the resulting
estimates of µj are contaminated by persistent components of student assignments that are
not captured by the control variables Xit.

Schools may very well be heterogenous in their classroom assignment practices. To
formalize this idea, I build on Rothstein (2009)’s framework. I suppress subscripts for easier
readability. Without loss of generality, imagine there are two teachers at a school where the
assignment of students to these teachers depends on an index composed of X and Z, and a
purely random component η:

T = Xπ1 + Zπ2 + η, (2.5)

where T ∈ {0, 1}, as in a linear probability model. π1 and π2 capture the extent of sorting
students to teachers based on observables and unobservables. Positive values of π1 and π2

can be interpreted as students with X and Z values that predict higher test achievement
being more likely to get assigned to teacher 1. If teacher 1 is the better (higher µ) teacher,
then π1 > 0 means positive sorting on observables, while π2 > 0 means positive sorting on
unobservables.

Note that sorting parameters π1 and π2 play an important role in determining whether
value-added scores are estimated with a bias or not. Some schools may randomly assign their
students to teachers by setting π1 = π2 = 0, in which case value-added estimates obtained
from specification (2.3) are unbiased.7 However, in the more likely case when schools do sort
and set π1 > 0 and more importantly, π2 > 0, value-added estimates will be biased.8

Below, I document that at some schools students’ observables, Xit, are systematically
sorted across classrooms, but that there is no sign of persistence in the type of classrooms that
a particular teacher is assigned. This practice, which I call “tracking”, appears consistent
with the above value-added specification. Insofar as the students are grouped into classrooms
based on unobservables as well as observables, this will be reflected in the θ̃jt error term.
As long as there is no systematic variation in θ̃jt within teachers, across years, this does not
pose a problem in estimating µj in an unbiased way. At other schools, however, the same
teachers are assigned students with high prior test scores year after year, while others are
consistently assigned low prior score students. I refer to this practice as “matching”. It
is less clear whether value-added specifications can recover teachers’ causal effects in these
schools. If the observable controls in the model can fully absorb all of the across-teacher
differences in the students assigned, the model will be successful. Otherwise, value-added

6One could, in addition, include classroom-level peer characteristics to make this assumption more cred-
ible. I do this in some specifications below.

7In fact, in the special case when not just π2 = 0 but π1 = 0 as well, value-added scores from the uncon-
trolled specification, yit = µj + θ̊jt + ε̊it are also unbiased. See the formal derivation for both specifications
in the general case of J teachers in Appendix B.1.

8Theoretically, π1, π2 6= 0 is the problem. I pick π1, π2 > 0 for illustrative purposes, because that case is
more in line with the anecdotes one hears.

41



estimates for individual teachers will be biased.9

In Chapter 1, Section 1.3, I statistically distinguish between schools at which student ob-
servables, particularly lagged scores, are systematically sorted across classrooms and teachers
and those where I am unable to reject the hypothesis that students are randomly assigned
to classrooms, and therefore, also to teachers. Since Z is unobservable, rather than by eq.
(2.5), the assignment process in practice can be characterized by

T = X (π1 + κπ2) + η̃, (2.6)

where η̃ = Z̃π2 + η. Therefore, the distinction between random and systematically sorting
schools based on X is formally a statement about π1 +κπ2 being 0 or not. The most natural
interpretation of this is, however, to assume that the first group, the “tracking & matching”
schools set π1 6= 0, while the second group, the random schools set both π1 = π2 = 0.
Under this interpretation, there will be no bias in the value-added scores at the random
schools, independent of what controls we use in the value-added specification. There is a
knife-edge case of parameter values, π1 = −κπ2 6= 0, when schools appear to be randomly
assigning, however, they are really tracking & matching but their sorting practices based on
observables and unobservables exactly offset each other. This is highly unlikely, as it would
require π1 and π2 be of the opposite sign, or κ < 0 (observables and unobservables being
negatively correlated). In our most prominent example, when X is lagged scores and Z is
parental involvement, we naturally expect a strongly positive κ. Also, it is hard to think of
any reasonable classroom assignment policies, where more assertive parents would want to
put their kids into a classroom of low-achievers, which would result in π1 and π2 being of
the opposite sign. Thus, I will assume away the possibility of π1 = −κπ2 6= 0 for the rest of
the paper. I thereby make schools that appear randomly assigning based on observables to
constitute a benchmark case, where value-added scores are unbiased for true teacher quality.

On the contrary, at tracking & matching schools, where π1 + κπ2 6= 0, the most likely
scenario is π1, π2 > 0, yielding a nonzero bias in value-added scores.10 For these schools,
as well, it is theoretically possible that teacher effect estimates obtained from the partially
controlled specification are unbiased but only if they only sort based on observables, and
not on unobservables not predicted by observables, π1 6= 0, π2 = 0. The following pieces of
evidence suggest that this is unlikely.

Figure 2.1 plots estimates for µ obtained from a VAM with no controls at all and from
a VAM with X controls (as in eq. (2.3)), separately for random and tracking & matching
schools.11 It shows that the two sets of estimates are nearly identical for random schools,
suggesting no bias from observables in these schools (evidence for π1 + κπ2 = 0 in these

9Importantly, it is not necessary for all of the factors that influence teacher assignments – which will
typically include hard-to-measure factors like parental influences – to be included in the X vector for the
value-added estimates to be unbiased. As suggested by eq. (2.4), it is sufficient for the X vector to be rich
enough that the unobserved factors do not vary much across teachers after controlling for X. But again, it
is not clear whether this is likely.

10The magnitude depends on the controls included in the value-added specification, but generally it is an
increasing function of β, ρ, π1, π2, κ and the between-teacher variance of X and Z̃. In the partially controlled
version, the magnitude of the bias depends on the variance of Z̃, π2 and ρ. If any of these is small, the bias
may be small as well. See the formal derivations in Appendix B.1.

11Data source and estimation details are discussed below, in Sections 1.2, 1.3 (in Chapter 1) and 2.3.1
above.
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schools). However, they are quite different for tracking & matching schools, with the scores
from the uncontrolled specification suggesting positive sorting on observables (evidence for
π1 + κπ2 > 0), that is, controlling for observables is important in tracking & matching
schools. Therefore, we have a good reason to think that in these schools controlling for
unobservables would also be important, were it possible (Altonji, Elder and Taber (2005);
Oster (2014)). Table 1.7, discussed in more detail later, supports this argument by showing
that schools that track and match based on either lagged math or reading test scores are also
more likely to track and match in other dimensions, and also that schools that are random
based on either lagged math or reading scores are also more likely to be random on these
other dimensions.

So the basis of my identification procedure is the following. As I can’t identify sorting
on unobservables, I detect sorting on observables. Then I argue that if there is no sorting
on observables, it is very unlikely that there is sorting on unobservables. By contrast, when
there is sorting on observables we need to at least worry that there may also be sorting on
unobservables.

The following table shows the discussed cases of parameter values, with the more likely
ones in bold underlined. Under these highlighted scenarios, we can identify the bias at
tracking & matching schools by contrasting them with random schools. I will pursue on this
strategy.

Bias
Zero Non-zero

School type
Random π1 = 0, π2 = 0 π1 = −κπ2 6= 0

Tracking & Matching π1 6= 0, π2 = 0 π2 6= 0, π2 6= −π1/κ

The strategy to identify the magnitude of bias in value-added scores is as follows.12 Based
on the argument above, the bias in randomly assigning schools is assumed to be 0, thus I
assume that teacher value-added scores in randomly assigning schools has the following
structure:

¯̃ν = µ+ θ̃ + ¯̃ε,

where ¯̃ν is student residuals averaged to the teacher-year level, µ denotes true teacher value-
added, θ̃ is the classroom-level shock seen above, while ¯̃ε is the average within-classroom
noise. In contrast, estimates in tracking & matching schools take the form

¯̃ν = µ+ b+ θ̃ + ¯̃ε,

where b stands for the potential bias in true teacher value-added.13 This structure implies
several testable moment conditions, which identify the variance of the bias term and its
covariance with the true effects. First, the difference of value-added score variances in the
two types of schools pins down V ar(b) + 2Cov(µ, b). Second, value-added autocovariances
of teachers who stay at randomly assigning schools or move between two random schools

12See a more formal description in Section 2.3.2 below.
13The variance of true teacher effects is assumed to be equal in the two types of schools, while I allow for

different variances in classroom level shocks and noise terms.
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in consecutive years identifies the variance of true teacher effects, V ar(µ). Third, value-
added autocovariances of teachers who move between a random and a tracking & matching
school between consecutive years yields an estimate for V ar(µ) + Cov(µ, b). The difference
between the last two terms, therefore, pins down Cov(µ, b), which in turn, together with
V ar(b) + 2Cov(µ, b) from the first observation identify V ar(b). After classifying schools into
the two categories and estimating teacher value-added scores, I apply a minimum distance
estimation strategy to complete the analysis.

2.3 Structure of Teacher Value-Added

Now that I have classified randomly and nonrandomly assigning schools, I turn to how such
a classification can be used to identify the magnitude of the bias in teacher effect estimates,
and its correlation with true teacher effects. I begin by describing how I obtained value-added
scores for each teacher linked to the students in my base sample.

2.3.1 Student-level VAM specification

I obtain teacher value-added scores using the “average residual” method: After estimating
a (student-level) value-added model, I average the student-level residuals at the classroom
level.

The student-level VAM specification I use is common in the literature:14

yit = γg (yig−1t−1) +X
′

itβ + δgt + νit. (2.7)

In all specifications the dependent variable is the math test score of student i in year t,
and S (i, t) = s, G (i, t) = g and J (i, t) = j are the student’s school, grade and teacher
assignments in the given year. Lagged math and reading scores enter the right handside
as a flexible, grade-specific, 3rd order polynomial, γg (yig−1t−1). δgt is a set of grade×year
effects to control for changes in the tests and other grade- and year-specific shocks. Control
variables, Xit, are gender and race of a child, 4 categories of parental education, eligibility
for free or reduced price lunch, exceptionality status in 8 categories, time spent on TV/video
game, frequency of doing homework and days of absence. Only gender, race, homework and
TV/other electronics usage are available for all years in the base sample, so I include a missing
indicator for each of the rest of the controls when they are unavailable.15 I estimate (2.7) by
OLS, with standard errors clustered at the school level. I carry out 3 additional robustness
checks. First, I add “leave-out” classroom average peer characteristics and “leave-classmates-

14For a full review of different specifications that are commonly estimated in the literature, see Guarino,
Reckase and Wooldridge (2012).

15The only control variables that are consistently available in every year are race and gender, frequency
of homework and hours spent watching TV/using other electronics. In addition, I also use the following
variables in years when they are available: parental education (available: 1995-2006), free/reduced price
lunch (FRL) eligibility (1999-2006), exceptionality (1995-2009), and days absent (1995-2000). I use each of
these as categorical variables with each value dummied out, including an indicator if they are missing. See
more details about data in Chapter 1, Section 1.2.
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out” school-grade-year average peer characteristics to eq. (2.7).16 Second, I augment the
specification by school-grade-year effects, and last, I add teacher effects (omitting school-
grade-year effects). In this last within-teacher specification, before proceeding, I add back
the estimated fixed effects for teachers to the student-level residuals, similar to how Chetty,
Friedman and Rockoff (2014a) and Bacher-Hicks, Kane and Staiger (2014) did.

After obtaining ν̂it from eq. (2.7), I compute (inefficient) teacher value-added scores by
averaging student-level residuals for each teacher-year combination:17

ν̄jt =
1

njt

∑
i s.t. J(i,t)=j

ν̂it.

There are a small number of teachers in my base sample who show up teaching multiple
classes in the same year.18 In their case, I take the precision weighted average of their
classroom-level residuals, so that I end up with one observation per teacher-year. Table 2.1
contains the summary of implied teacher value-added estimates. These simple value-added
scores, with no shrinkage, are appropriate to estimate the structure of value-added.

2.3.2 Identifying the bias and its relationship with the true teacher
effect

Assume there are two types of schools: those in which classroom assignment practices are
random (P (s) = R) and those that both track their students and match teachers persistently
to similar classrooms over time.19 Again, I call this latter group nonrandom assigners (P (s) =
TM). Residuals from the student-level VAM in eq. (2.7) can be decomposed as follows:

νit = µj + bjP (s) + θjP (s)t + εit,

where νit is the residual from the student-level value-added model (VAM) for student i
assigned to teacher J (i, t) = j in year t at school S (i, t) = s with classroom assignment
policy P (s). µj is the true teacher effect for teacher j, bjP (s) is the bias term in teacher j’s
effect if teacher j is at school type P (s). θjt is a classroom-level shock, which is assumed to
be i.i.d. in both the teacher and time dimensions. This captures noise that is common to
all students in the classroom (e.g. someone jackhammering outside when the kids are taking

16These average characteristics are lagged scores, percent of each minority, percent female, percent of
parental education categories, percent free- and reduced price eligible, percent gifted and percent other type
of exceptional. I take these averages at the classroom level, leaving out the student herself, and also average
them over the whole school-grade-year cell, leaving out the student and her classmates.

17A common practice to compute teacher value-added scores is to combine multiple years of data and use
shrinkage. (See, for instance, Jacob, Lefgren and Sims (2010); Kane and Staiger (2008); Chetty, Friedman
and Rockoff (2014a); Rothstein (2014); Bacher-Hicks, Kane and Staiger (2014). However, for my purpose,
simply averaging over student-level residuals in a single year fits best.)

18Teachers with more than one classroom assignment make up 1.12% of my base sample. I did not throw
them out, because in theory it may be possible that in some schools teachers specialize in certain subjects
even at these early grades, so these teachers may only teach one subject but multiple classes. Also, there
may be schools with mixed grade-level classrooms. Leaving these teachers out from the analysis does not
change any of the results.

19I discuss how I measure these two types in Chapter 1, Section 1.3.
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the test, or a teacher-year shock). εit is student-level i.i.d. noise. Then average teacher-year
residuals are

ν̄jt = µj + bjP (s) + θjP (s)t + ε̄jt. (2.8)

I assume there is no bias in randomly assigning schools. However, there is bias potentially
in tracking & matching schools. That is,

bjR ≡ 0,

bjTM ≡ bj 6= 0, σ2
b > 0, σµb 6= 0.

As mentioned before, in the dataset I use, teachers can be followed as they move between
schools, as long as they stay within the North Carolina public schools system.20 Using this
feature and the structure of value-added described above, we can compute second moments
(variances and autocovariances) of teacher value-added estimates for five different groups of
teachers:

1. Variance of value-added scores for all teachers in randomly assigning schools:

V ar (ν̄jt | P (s) = R) = σ2
µ + σ2

θR
+
σ2
εR

njt
.

In practice, I will take the adjusted variance of ν̄jt for the within-classroom variance,
σ2
εR

njt
:

V ar (adjν̄jt | P (s) = R) = E


ν̄jt −

∑
j∈R

ν̄jt

# of R teachers


2

−
σ2
εR

njt

 =

= σ2
µ + σ2

θR
,

with appropriate degree-of-freedom adjustments.

2. Variance of value-added scores for all teachers in tracking & matching schools. Similarly
adjusting for the within-classroom variance,

V ar (adjν̄jt | P (s) = TM) = E


ν̄jt −

∑
j∈TM

ν̄jt

# of TM teachers


2

−
σ2
εTM

njt

 =

= σ2
µ + σ2

b + 2σµb + σ2
θTM

.

3. Autocovariance of stayers in random schools and movers between two random schools:21

Cov (ν̄jt, ν̄jt−1 | P (S(j, t)) = P (S(j, t− 1)) = R) = σ2
µ.

20See more details on the dataset in Chapter 1, Section 1.2.
21As ε’s are assumed to be i.i.d., within-classroom variance terms do not appear in the covariances,

therefore it is not necessary to adjust for them.
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4. Autocovariance of stayers in tracking & matching schools:

Cov (ν̄jt, ν̄jt−1 | S(j, t) = S(j, t− 1) and P (S(j, t)) = TM) = σ2
µ + σ2

b + 2σµb.

5. Autocovariance of movers from randomly assigning schools to nonrandomly assigning
ones and vice versa:

Cov (ν̄jt, ν̄jt−1 | P (S(j, t)) 6= P (S(j, t− 1))) = σ2
µ + σµb.

I back out the empirical counterpart of these moments in the data and perform a minimum
distance estimation to obtain estimates for the underlying parameters,

Θ =
(
σ2
µ, σ

2
b , σµb, σ

2
θR
, σ2

θTM

)
.

The theoretical moments alongside with their empirical counterparts are listed in Table 2.2).
They can be turned into a just identified system of 5 moment conditions with 5 parameters
to estimate. Then the criterion function to be minimized is

min
Θ

[m̂− f (Θ)]
′
W [m̂− f (Θ)] ,

where m̂ is the vector of empirical moments and f (Θ) is a vector of theoretical moments.
W is a weighting matrix. In the just-identified case it is simply the identity matrix. To
obtain standard errors, I compute the variance-covariance matrix from 1000, 90% block
bootstrapped samples of empirical moments.

2.4 Results and Discussion

2.4.1 Results

The results of the minimum distance estimation outlined in the previous subsection are
shown in Table 2.3. I only report results from the plain OLS student-VAM specification.22

I find that the standard deviation of the true teacher effects is 0.174, which is in the
high end of the range in the previous literature (around 0.1-0.2 standard deviations [SDs]).23

Classroom-level shocks (0.13-0.14 SDs) are substantial relative to true teacher effects, and
are remarkably similar across the two school types.

One of the main results of this paper is the estimate of the variance of the potential bias
in teacher value-added scores, which turns out to be quantitatively important: it is almost
a third of the variance of true effects, with 0.008 SDs, marginally significant.

22Results for the other three student-level VAM specifications are qualitatively the same and quantitatively
very similar. Also, minimum distance results are only reported for the case when schools are classified based
on lagged math and reading scores, however, these are almost the same, both qualitatively and quantitatively,
as results for the case when school are classified based on predicted scores from all observable variables.

23In the other three specifications, I find 0.09-0.21 SDs. The smallest SD is in the within school-grade-year
specification, while the largest is in the within-teacher one (where teacher fixed effect estimates are added
back to student-level residuals).
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I find a substantially negative correlation between true teacher effects and the bias in
value-added scores, around -0.25. This is the first estimate of this parameter. It suggests
that previous literature evaluating the bias in teacher effects due to nonrandom classroom
assignment but assuming zero correlation may have been misleading. (See more on this
point in the next subsection.) The negative sign of the correlation between teacher effects
and the bias indicates a negative sorting of students to teachers based on characteristics
that are unobservable given observed student covariates.24 In other words, good teachers
tend to get students whose potential learning gains are lower, and bad teachers get assigned
to students whose potential gains are higher. This finding is in contrast with the positive
sorting process based on observables that we saw in Figure 2.1, implying that students
who are predicted to score higher based on their observable characteristics are assigned to
good teachers, but in turn will acquire lower gains.25 This mechanism eventually hurt their
teachers’ measured effectiveness. In fact this implies that bad teachers are helped by value-
added score measurements, while good teachers are punished. Due to the direction of this
mismeasurement, even the rank ordering of teacher may be affected.

In the methods of moment estimation, I treat teachers who stay at randomly assigning
schools in two consecutive years and those who move between two randomly assigning school
as one group, assigning them the same theoretical autocovariance parameter. Also, I treat
teachers who move between a randomly assigning school and a non-randomly assigning
school in either direction to be identical. These assumptions are testable. Therefore, I run
regressions of current value-added score on lagged value-added scores, fully interacted with a
categorical variable that can take 5 values: (i) the teacher is a stayer at a random school, (ii)
the teacher is stayer at a tracking & matching school, (iii) the teacher moves between two
random schools, (iv) the teacher moves from a random school to a tracking & matching one,
and (v) the teacher moves from a tracking & matching school to random one. The coefficients
on the interaction terms in this regression inform us about the differences in the reliability
of year-to-year value-added scores for each stayer/mover type of teacher. The stayer/mover
types for whom the reliabilities are significantly different should be parametrized differently
in the minimum distance estimation. Results are shown in Table 2.4. The first column
shows OLS estimates, while the second column adds current school effects interacted with
year effects. The reference group is teachers who stay in the same randomly assigning schools
in two consecutive years.

The reliability of the value-added scores is low (around 0.53); however, this is only due to
the fact that I am only using one year of data to predict value-added in the subsequent year.
There are only economically small and borderline significant main effects, however, these

24This is an interesting finding on its own, and points into the direction that teacher assignments may
not be efficient within schools.

Using the notation from Section 2.2, this result means that Cov
(
µ, Z̃

)
< 0, implying π2 − κπ1 < 0 in

tracking & matching schools. If assignment practices in random schools are qualitatively similar in random
schools as well, just less strong, this condition precludes the knife-edge case of π1 + κπ2 = 0, when my
identification of bias would not work.

25The mechanism behind this finding needs further research. Potentially, it can be due to mean reversion.
If so, then controlling for additional lags of test scores should mitigate the effects. I reran the minimum
distance estimation for average residuals received from student-level VAM with two lags of test scores (results
not reported). I naturally lose one year of data, so the number of teachers who switch between school types
is even smaller. Point estimates decrease somewhat, and they become a lot more imprecise.
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are only due to between-school sorting of teachers and are absorbed by (current) school
effects. The coefficient on lagged value-added score gives the 1-year reliability of value-
added scores among teachers who stay in random schools (the reference group), while the
coefficients on the interaction terms are the differences in the reliabilities for each group of
teachers, relative to the reference group. There is one coefficient that directly contrasts with
the model I applied in the minimum distance estimation: The reliability of the random-to-
random movers is significantly lower than that of the random school stayers.26 The reliability
of groups 4 and 5 also seem somewhat different, however, this difference is not significant.
To see whether my model of value-added structure is robust to these differences, I estimate
an overidentified extension separating the group of random school stayers from random-
to-random movers and random-to-nonrandom movers from nonrandom-to-random movers,
thereby allowing for two extra moment conditions. The moment conditions are listed in
Table 2.5. The estimation results are shown in Table 2.6.

As the model is now overidentified, I use three different weighting matrices: an identity
matrix, a diagonal matrix with the number of observations in the diagonal and the inverse
variance-covariance matrix of the moments (the optimal weighting matrix). Table 2.6 shows
that the results are relatively robust to the choice of the weighting matrix. The specification
with the identity weighting matrix yields lower bias variance and essentially correlation
between the true effects and the bias, but this specification does not take into account the
fact that the moments for the movers are much less precisely estimated than those for the
stayers, due to the smaller sample sizes. Overall, the results are similar to what I found in
Table 2.3: there may be substantial biases in estimated teacher value-added, however, those
biases are mostly offset by their negative correlation with the true effects. This negative
correlation is what made the bias undetectable using the methods employed earlier in the
literature.27

2.4.2 Discussion

I have provided a new estimate of the bias in teacher value-added scores, and for the first time
in the literature, assessed the correlation between this bias and the true teacher effects. Both
turn out to be quantitatively important. In particular, the negative sign of the correlation
suggests that the methods used to estimate value-added may also rank teachers incorrectly.
These results are somewhat at odds with recent studies evaluating the performance of teacher

26The underlying identification assumption of this analysis is that teachers move randomly, and that when
they move, they move to different school types in a random fashion. However, as Table B.2 shows, there
is evidence of nonrandomness in switching when we look at observable characteristics of teachers. Those
who move are less experienced teachers, more likely to be men and to have at least an MA. They tend to
have less tenure, more likely to have initial or temporary license, and more likely to come from out-of-state
(reflected in the fact that their license is more likely to base on and interstate reciprocal licensing agreement).
Based on these patterns, an important direction for further research is to incorporate a moving effect in the
structure of value added in eq. (2.8).

On the other hand, there is no evidence for nonrandomness of movement type (R-to-R, R-to-TM, TM-
to-R) based on the same observed teacher characteristics, once we condition on moving (Table B.3). Also,
teachers in different types of schools do not seem very different along these characteristics overall (Table B.1,
where differences are economically small even if statistically significant).

27The overidentification test, however, does reject the model (p-value= 0.000).

49



value-added scores using teacher switching quasi-experiments (Kane and Staiger (2008);
Kane et al. (2013);Chetty, Friedman and Rockoff (2014a); Bacher-Hicks, Kane and Staiger
(2014)). This conflict is due to the misleading interpretation of results in these earlier studies.

To assess the reliability of teacher value-added scores, researchers have focused on the
coefficient in a regression of true teacher effects on value-added scores,

Cov (µj, µ̂j)

V ar (µ̂j)
.

The teacher switching studies estimate a feasible version of this coefficient assuming random
classroom assignment: the regression coefficient of a change in student achievement at a
school-grade on a change in teacher value-added due to teacher movements at the same
school-grade. They find a coefficient very close to 1 and interpret it as evidence for no bias
in value-added scores.28

However, this interpretation is only valid under the implicit assumption that true teacher
effects are uncorrelated with the potential bias in the measured value-added. Formally,
assuming µ̂j = µj + bj yields

Cov (µj, µ̂j)

V ar (µ̂j)
=

V ar (µj) + Cov (µj, bj)

V ar (µj) + V ar (bj) + 2Cov (µj, bj)
, (2.9)

and by assuming Cov (µj, bj) = 0, this expression simplifies to

Cov (µj, µ̂j)

V ar (µ̂j)
=

V ar (µj)

V ar (µj) + V ar (bj)
, (2.10)

which in turn implies V ar (bj) ≈ 0 if
Cov(µj ,µ̂j)

V ar(µ̂j)
= 1.29

In this paper, I took a different approach to estimate
Cov(µj ,µ̂j)

V ar(µ̂j)
by recovering the under-

lying parameters in (2.9). Most importantly, my approach directly estimates Cov (µj, bj),
instead of implicitly assuming it away. For teachers whose value-added scores are measured
in random schools, V ar (bj) = Cov (µj, bj) = 0, therefore my results suggest a coefficient of
1. However, in tracking & matching schools the coefficient turns out to be around 0.87, with
Cov (µj, bj) < 0 and V ar (bj) 6= 0. This number is within the confidence intervals of the true
experiments analyzed in Kane and Staiger (2008) and Kane et al. (2013), who find forecast
coefficients of 0.8-1 and are almost never able to reject that they are 1. My estimate is also
not significantly different from 1, but at the same time, it’s magnitude is remarkably similar
to what Rothstein (2014) found, when revisiting the validity of the quasi-experiment in the
Chetty, Friedman and Rockoff (2014a) study.30 These findings suggest that interpreting the

28In Chetty, Friedman and Rockoff (2014a)’s terminology, this amounts to forecast unbiasedness.
29Chetty, Friedman and Rockoff (2014a) calls this teacher-level unbiasedness. They discuss that this is

equivalent to forecast unbiasedness except in the knife-edge case where V ar (bj) + Cov (µj , bj) = 0 and
V ar (bj) 6= 0.

30He shows that teachers (and their students) who are left out of the Chetty, Friedman and Rockoff
(2014a) analysis are not random - these are teacher who are in their sample for at most the two years over
which they analyze the grade- or school switches. After correcting for this nonrandom selection, he finds a
coefficient around 0.8-0.9, statistically significant from 1.
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reliability of value-added scores according to (2.10) may be misleadingly simplistic.31 Ac-
cording to the traditional interpretations of the forecast coefficient, a value of 0.87 would
imply a

V ar(bj)

V ar(µj)
ratio of 0.15, which is about half of what I find by estimating the richer

model that allows for a nonzero covariance between µj and bj. That interpretation masks
a potentially much larger bias in value-added scores. The contrast between that and my
findings reveals that even if teacher value-added scores are unbiased predictors of the stu-
dent achievement (and yield a forecast coefficient indistinguishable from 1), they may be so
for the wrong reason: they may contain a large teacher-level bias, part of which is offset
by its negative covariance with true teacher effects. This point relates to Chetty, Fried-
man and Rockoff (2014a)’s discussion that there is one knife-edge case in which value-added
scores are best predictors but biased for the causal effect for teachers, and that is when
V ar (bj) + Cov (µj, bj) = 0 and V ar (bj) 6= 0.32 My estimates suggests that the truth may
not be far off from this knife-edge case, which always lies in the confidence interval. (See
the last line in Tables 2.3 and 2.6, which show that V ar (bj) + Cov (µj, bj) = 0 cannot be
rejected at conventional significance levels.) As a consequence, value-added scores may be a
useful statistical tool to predict student achievement on average, however, they may not be
accurate enough to be used for individual teacher evaluation or for personnel decisions in a
fair way.

In my setup, I am able to empirically distinguishing between V ar (µj) and Cov (µj, bj) us-
ing teacher movements between randomly assigning schools and tracking & matching schools.
These movements, however, are relative rare, as shown by the number of observations in Ta-
ble (2.5). Previous studies such as Chetty, Friedman and Rockoff (2014a) might have failed
to detect this potentially large bias in value-added scores because they identified it predom-
inantly from teacher switches within school types and from grade switches within schools.
My results say that within-school, the reliability of value-added estimates may be close to 1,
however, they may be quite a bit lower (around 0.87) when a teachers moves from a random
school to a tracking & matching one, or vice versa. This suggests that the reliability of
teacher value-added scores highly depend on the classroom assignment policy that schools
or school systems employ. Previously, heterogeneity in assignment practices were ignored,
and researchers have estimated an average of the forecast coefficient across the school types.
My results suggest that about half of the clearly classifiable schools are random and the
other half are tracking & matching, and that about 60% of teachers in these schools work
in tracking & matching schools and 40% work in random schools. By back-of-the-envelope
calculations, if we estimate an average forecast coefficient across these teachers, we would
get 0.4×1+0.6×0.87 = 0.92, which would lead to underestimating biases in nonrandom as-
signment schools. Furthermore, if we interpret this coefficient under the implicit assumption
that the biases are uncorrelated with the true effects (as described in more detail above), we
would get a bias-true variance ratio of 0.09, about a third of what I found in this paper.

What policy implications do these estimates have? Advocates of teacher value often

31In fact, when I estimate the more restrictive structure of value-added assuming away Cov (µj , bj), I get

back the result
Cov(µj ,µ̂j)
V ar(µ̂j)

=
V ar(µj)

V ar(µj)+V ar(bj)
= 1 implying V ar (bj) ≈ 0. This model has a worse fit, however,

than the richer structure allowing for Cov (µj , bj) 6= 0.
32This occurs when the forecast coefficient,

Cov(µj ,µ̂j)
V ar(µ̂j)

=
V ar(µj)+Cov(µj ,bj)

V ar(µj)+V ar(bj)+2Cov(µj ,bj)
= 1 but V ar (bj) 6= 0,

implying the condition V ar (bj) + Cov (µj , bj) = 0 with V ar (bj) 6= 0.
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talk about the replacement of the bottom 5% of teachers in terms of value added. There
are two problems with such a suggestion. One is that who will replace these teachers and
whether those would be better.33 Second, if value-added scores are biased, such a policy
might result in firing the wrong teachers. To get a back-of-the-envelope answer for that
question, I ran some simple policy simulations. I ignore all measurement error in teacher
value-added (as if we had infinite number of classrooms for each teacher to estimate value-
added),34 and simulate rank correlations between true (µ) and estimated teacher value-added
(µ in random schools, µ + b in tracking & matching schools), and percent mistakenly fired,
besides a 5% firing rule and certain parameter values for the share of teachers in tracking
& matching schools, the true teacher effect variance, the bias variance - true variance ratio
and the correlation between true value-added and the bias. I chose the parameter values
so that scenario 1 matches preferred estimates from Chetty et al. (2014a), while scenario 2
matches my estimates. In scenario 1, all schools are tracking & matching, however, the bias
coming from this is very small, 2.5% (so de facto, all schools are random), and the bias is
uncorrelated with the true effects. In scenario 2, a 56-44% mix of teachers work in tracking
& matching and random schools, in the former, biases are 10 times as big as in scenario one,
and they are negatively correlated with teacher effects. The rest of the three intermediate
columns are transition between the 2 scenarios, so we can isolate the effect of the variance
of the bias and the correlation between the bias and the true effect.

Table 2.7 shows the results. There are considerable differences between the rank cor-
relation of true and measured teacher effects in the two scenarios (0.99 vs. 0.93, and this
difference is larger if the share of teachers in tracking & matching schools is larger). The
more striking difference is though in the percent of teachers who are mistakenly fired: Out
of those fired (their measured value-added being in the bottom 5%), 7% vs. 23% should
not have been fired, because their true value-added was not in the bottom 5%. These per-
centages, again, are increasing in the fraction of tracking & matching school teachers. A
point that should be made clear though is that it is the magnitude of the bias variance
that drives these results, the explicit role of the negative correlation is limited. However, as
demonstrated above, getting the negative correlation right is essential to get the magnitude
of the bias right.

2.5 Conclusion

This chapter contributes to a highly controversial literature on the accuracy of teacher value-
added measures. Recently researchers have argued that such measures are reliable enough
to be used for high stakes personnel decisions, such as promotions of performance-based
rewards. In this chapter, I estimated the bias in teacher value-added measures in North
Carolina elementary schools, employing a new strategy that uses teachers who move be-
tween schools that assign their classes randomly and schools that track students and match
teachers to classrooms with similar kids year after year. I exploit the design created by the
classification of schools in Chapter 1, and I argued that teacher effect estimates in randomly

33See Rothstein (2015) for more details on whether these selective firing policies work in teacher labor
markets where supply is not perfectly elastic.

34Arguably, measurement error would make such a policy less appealing.
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assigning schools are likely to be nearly bias free, while in nonrandomly assigning schools,
they may be contaminated by bias. A minimum distance framework was applied to recover
the underlying parameters of the structure of teacher value-added. Importantly, I provided
the first estimates for the correlation between the potential bias and true teacher effects.
According to my findings, the variance of the bias in estimated teacher value-added may be
as large as 30% of the variance of true teacher effects. However, its substantial negative cor-
relation with the true teacher effect mitigates the forecast bias in value-added scores. These
results confirm Rothstein (2014)’s findings that the reliability of value-added scores may not
be unbiased predictors of student achievement and adds two important details to our knowl-
edge about value-added estimation. First, that forecast unbiasedness is context-dependent:
Value-added scores may be very reliable in schools or school systems that randomly assign
their students to teachers, but considerably less so in tracking & matching schools. Second,
even if they are unbiased predictors of student achievement, they may not be unbiased esti-
mators for the causal effect of teachers. Therefore, their application for personnel decisions
is unjustified. Teacher value-added may be a powerful statistical tool within districts made
up of schools with similar assignment practices but one has to apply caution when using
them for policies that evaluate individual teachers, such as tenure or performance pay.

The findings in this paper also shed some light on the within-school classroom assignment
mechanism in schools with nonrandom assignment practices: On average students with
observables that predict high test scores get assigned to good teachers. Potentially due to
mean reversion, these students will then be likely to have lower gains in the following year.
This is an interesting pattern on its own that calls for more research.
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Tables
Table 2.1: Summary of Teacher Value-Added Estimates

OLS OLS with peer characteristics School-grade-year effects Teacher effects

Unadjusted SD 0.245 0.242 0.191 0.285
Adjusted SD 0.223 0.221 0.166 0.266

N 152,826 151,227 151,227 151,227

Note: Column titles denote the student-level VAM specification. Teacher value-added scores are measured by average student-level residuals at the
teacher-year level. In the very few cases where a teacher is assigned to multiple classrooms a year, precision weighted averages of the classroom
averages are reported. See more details in Section 2.3.1. Adjusted standard deviations are computed by netting out the within-classroom component
(sampling variation) from the unadjusted value-added score variance.

Table 2.2: Structure of Teacher Value-Added

Moment Type School/Movement type Theoretical Moment Empirical Moment Observations

Adjusted variances R σ2
µ + σ2

θR
0.0490 56,384

TM σ2
µ + σ2

b + 2σµb + σ2
θTM

0.0493 68,844
Autocovariances stayers in R, movers R-to-R σ2

µ 0.0304 36,131
stayers in TM σ2

µ + σ2
b + 2σµb 0.0304 42,309

movers R-to-TM and TM-to-R σ2
µ + σµb 0.0264 1,708

Note: Theoretical moment conditions derived from value-added structure, ν̄jt = µj + bjP (s) + θjP (s)t + ε̄jP (s)t, where µj is a teacher-level component,
bjP (s) is a school-type specific bias component (bjR ≡ 0, bjTM ≡ bj with σ2

b > 0), θjP (s)t is a school-type specific classroom-level shock, and ε̄jP (s)t

is the classroom-average of school-type specific, student-level noise. Variances are adjusted by within-classroom component, V ar
(
ε̄jP (s)t

)
≡

σ2
εP (s)

njt
.

School types are randomly assigning school (R), and tracking & matching school (TM, also called as nonrandomly assigning).
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Table 2.3: Structure of Teacher Value-Added - Estimation Results for 5 Moment Conditions

Parameters Estimates

Var of true teacher effect, σ̂2
µ 0.0304 (0.0004)

Var of bias, σ̂2
b 0.0081 (0.0039)

Cov of true effect and bias, σ̂µb -0.0040 (0.0020)
Var of classroom shock, σ̂2

θR
0.0186 (0.0006)

Var of classroom shock, σ̂2
θTM

0.0188 (0.0005)
# of parameters 5
# of moments 5
Implied SD(true effect) 0.1744
Implied SD(bias) 0.0900
Implied SD(classroom shockR) 0.1364
Implied SD(classroom shockTM) 0.1371
Implied Corr(true effect, bias) -0.2549

Implied forecast coefficientR,
(
σ̂2
µ

σ̂2
µ

)
1

Implied forecast coefficientTM ,
(

σ̂2
µ+σ̂µb

σ̂2
µ+2σ̂µb+σ̂b2

)
0.8663 (0.0653)

σ̂2
b + σ̂µb 0.0041 (0.0020)

Note: Minimum distance estimation results for the underlying parameters of the teacher value-added struc-
ture. Standard errors in parentheses. Standard errors for the implied parameters were computed using
the delta method. R subscripts denote components in randomly assigning schools, while TM subscripts
denote components in nonrandomly assigning (tracking & matching) schools. The bias term is allowed to
be contained only in value-added estimates in nonrandom schools. True teacher effects are assumed to have
the same distributional characteristics in both types of schools. Results are identical when using 3 different
weighting matrices (identity, observation numbers in the diagonal or optimal) due to being just-identified.
When σ̂2

b + σ̂µb = 0 and σ̂2
b 6= 0, teacher value-added scores are unbiased predictors of student achievement

but biased estimates for the causal effect of teachers.
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Table 2.4: Reliabilities of Teacher Value-Added - 5 groups

(1) (2)
VARIABLES value-added score value-added score

lagged value-added score (VAS; stayers in R schools) 0.535 0.542
(0.008) (0.009)

lagged VAS*group2: stayers in TM schools -0.006 -0.011
(0.010) (0.011)

lagged VAS*group3: movers R-to-R schools -0.202 -0.236
(0.028) (0.034)

lagged VAS* group4: movers R-to-TM schools -0.079 -0.140
(0.037) (0.044)

lagged VAS* group5: movers TM-to-R schools -0.116 -0.154
(0.036) (0.039)

group 2: stayers in TM schools -0.006 0.007
(0.002) (0.009)

group 3: movers R-to-R schools 0.002 -0.017
(0.008) (0.009)

group 4: movers R-to-TM schools -0.003
(0.008)

group 5: movers TM-to-R schools 0.013 -0.006
(0.009) (0.010)

Constant 0.014 0.007
(0.002) (0.005)

Observations 89,054 89,054
R-squared 0.281 0.518
school-year effects no yes

Note: Standard errors, clustered at the school level, in parentheses. Regressions weighted by average class
size. Dependent variable: teacher value-added scores (average teacher-year residuals from student-level
VAM). Regressions show the year-to-year reliability of teacher value-added scores for the different groups of
teachers. Reference group: teachers staying in random (R) schools.
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Table 2.5: Structure of Teacher Value-Added - Overidentified Version

Moment Type School/Movement type Theoretical Moment Empirical Moment Observations

Adjusted variances R σ2
µ + σ2

θR
0.0490 56,384

TM σ2
µ + σ2

b + 2σµb + σ2
θTM

0.0493 68,844
Stayers’ autocovariances R σ2

µ 0.0307 35,140
TM σ2

µ + σ2
b + 2σµb 0.0304 42,309

Movers’ autocovariances R-to-R σ2
µ 0.0210 990

R-to-TM σ2
µ + σµb 0.0267 823

TM-to-R σ2
µ + σµb 0.0263 884

Note: Theoretical moment conditions derived from value-added structure, ν̄jt = µj + bjP (s) + θjP (s)t + ε̄jP (s)t, where µj is a teacher-level component,
bjP (s) is a school-type specific bias component (bjR ≡ 0, bjTM ≡ bj with σ2

b > 0), θjP (s)t is a school-type specific classroom-level shock, and ε̄jP (s)t

is the classroom-average of school-type specific, student-level noise. Variances are adjusted by within-classroom component, V ar
(
ε̄jP (s)t

)
≡

σ2
εP (s)

njt
.

School types are randomly assigning school (R), and tracking & matching school (TM, also called as nonrandomly assigning).
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Table 2.6: Structure of Teacher Value-Added - Estimation Results with 7 Moment Conditions

Parameters identity matrix obs. numbers in the diagonal optimal weighting matrix

Var of true teacher effect, σ̂2
µ 0.0258 (0.0011) 0.0304 (0.0004) 0.0304 (0.0004)

Var of bias, σ̂2
b 0.0032 (0.0040) 0.0078 (0.0039) 0.0076 (0.0039)

Cov of true effect and bias, σ̂µb 0.0007 (0.0022) -0.0039 (0.0020) -0.0038 (0.0020)
Var of classroom shock, σ̂2

θR
0.0231 (0.0011) 0.0186 (0.0005) 0.0186 (0.0005)

Var of classroom shock, σ̂2
θTM

0.0189 (0.0005) 0.0189 (0.0005) 0.0187 (0.0005)
SSE 19.3344
# of parameters 5 5 5
# of moments 7 7 7
Implied SD(true effect) 0.1606 0.1744 0.1744
Implied SD(bias) 0.0566 0.0883 0.0872
Implied SD(classroom shockR) 0.1520 0.1364 0.1364
Implied SD(classroom shockTM) 0.1375 0.1375 0.1367
Implied Corr(true effect, bias) 0.0183 -0.2533 -0.2500

Implied forecast coefficientR,
(
σ̂2
µ

σ̂2
µ

)
1 1 1

Implied forecast coefficientTM ,
(

σ̂2
µ+σ̂µb

σ̂2
µ+2σ̂µb+σ̂b2

)
0.8711 (0.0635) 0.8709 (0.0643) 0.8732 (0.0633)

σ̂2
b + σ̂µb 0.0039 (0.0019) 0.0039 (0.0019) 0.0039 (0.0019)

Note: Minimum distance estimation results for the underlying parameters of the teacher value-added structure. Standard errors in parentheses.
Standard errors for the implied parameters were computed using the delta method. R subscripts denote components in randomly assigning schools,
while TM subscripts denote components in nonrandomly assigning (tracking & matching) schools. The bias term is allowed to be contained only in
value-added estimates in nonrandom schools. True teacher effects are assumed to have the same distributional characteristics in both types of schools.
When σ̂2

b + σ̂µb = 0 and σ̂2
b 6= 0, teacher value-added scores are unbiased predictors of student achievement but biased estimates for the causal effect

of teachers.
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Table 2.7: Policy Simulation: Rank Correlation and Percent Mistakenly Fired for a Bottom
5% Firing Rule

scenario
fraction in

V ar (µ) V ar(b)
V ar(µ)

Corr (µ, b)
rank correl. mistakenly fired

TM schools all R TM all R TM
1 (Chetty et al. (2014a)) 1 0.174 0.025 0 0.986 - 0.986 0.136 - 0.136

0.56 0.174 0.025 0 0.993 1 0.987 0.074 0.000 0.135
0.56 0.174 0.250 0 0.931 1 0.882 0.292 0.000 0.423
0.56 0.174 0.025 -0.25 0.993 1 0.987 0.076 0.032 0.110

2 (this chapter) 0.56 0.174 0.250 -0.25 0.925 1 0.866 0.228 0.000 0.390

Note: The table shows the results of a policy simulation, where the teachers of the lowest 5% of measured
value-added are fired. Measurement error is assumed away, so measured value-added in random (R) schools
equals true value-added, while in tracking & matching (TM) schools it is the sum of the true value-added
and the bias. Fraction of teachers in TM schools, true value-added variance V ar(µ), bias-true variance

ratio V ar(b)
V ar(µ) and the correlation of bias and true value-added Corr (µ, b) are parameters. Values of these

parameters in Scenario 1 correspond to the preferred estimates of Chetty et al. (2014a), while those in
Scenario 2, to estimates in this chapter. The rest are for comparison. Rank correlation decreases, while the
percent of mistakenly fired teachers increasing with an increase in the bias variance. Negative correlation
between true value-added and bias has small effects on the rank correlation and the percent mistakenly fired.
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Figures

Figure 2.1: Unshrunken teacher value-added estimates with and without controlling for
observables (random vs. tracking & matching schools)

slope(random)=1.043 (.007)
slope(tracking&matching)=1.253 (.006)
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Note: Binned scatter plots of teacher value-added scores, defined as the teacher-year average of student-
level residuals. Specification with no observables is simply teacher-demeaned current year achievement.
Specification with observables are obtained from residuals from OLS student-VAM, eq. (2.7).

60



B.1 Appendix

Omitted Variable Bias in Teacher Effect Estimates

In this Appendix section, I formally derive the omitted variable bias when estimating the
uncontrolled and partially controlled the value-added models. Let us suppress the subscripts
and take the true model of test scores to be

y = Xβ + Zρ+ ν, (2.11)

where y is student achievement and X are student characteristics that are observed to the
econometrician. On the other hand, Z are student characteristics that are unobserved for
the researcher but are observed for principal. ν = Tµ+ θ+ ε, where T is a design matrix for
teacher assignments, and θ and ε are uncorrelated with T , X and Z. Because the principal
is informed about both X and Z, he/she can assign students to teachers on both. Assume
that teacher assignments take the form of

T = Xπ1 + Zπ2 + η, (2.12)

where η is a random component. We can characterize the extent of sorting based on observ-

ables by π1 =
(
X

′
PZX

)−1
X

′
PZT , while the extent of sorting based on unobservables by

π2 =
(
Z

′
PXZ

)−1
Z

′
PXT .35 That is, π1 = 0 means random sorting based on observables X,

while π2 = 0 means random sorting based on unobservables Z.
As parameters β, ρ, π1 and π2 are not of direct interest here, without loss of generality,

we can take Z̃ ≡ PXZ, and rewrite eqs. (2.11) and (2.12) as

y = Tµ+X (β + κρ) + Z̃ρ+ θ + ε,

where κ ≡
(
X

′
X
)−1

X
′
Z; and

T = X (π1 + κπ2) + Z̃π2 + η.

Then X is orthogonal to Z̃, and so π1 + κπ2 =
(
X

′
X
)−1

X
′
T tells us the extent of sorting

X alone, while π2 =
(
Z̃

′
Z̃
)−1

Z̃
′
T tells us the extent of sorting on Z after controlling for X.

Similarly, β + κρ tells us how predictive is X for test scores, while ρ says how predictive Z
is beyond X.

Let us examine the uncontrolled model first:

y = Tµ+ ξ, (2.13)

where ξ = Xβ + Zρ+ θ + ε. Then by the standard omitted variables formula,

OV Buncontrolled =
(
T

′
T
)−1

T
′
[
X (β + κρ) + Z̃ρ

]
=
(
T

′
T
)−1 [

T
′
X (β + κρ) + T

′
Z̃ρ
]

(2.14)

=
(
T

′
T
)−1 [

(π1 + κπ2)
′
X

′
X (β + κρ) + π

′

2Z̃
′
Z̃ρ
]
. (2.15)

35PA = I −A
(
A

′
A
)−1

A
′

denotes the orthogonal projection matrix onto A.
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Note that T
′
X (β + κρ) is nothing else but the index of observables, averaged over all stu-

dents of a teacher throughout the years. Similarly, T
′
Z̃ρ is the index of unobservables (not

predicted by X), averaged again over all students of a teacher throughout the years. The
rearranged form, in the second line of eq. (2.14), shows more explicitly, that OV Buncontrolled

depends on the extents of sorting based on X and Z̃ (π1 and π2), and how well each of these
predict y (β and ρ). In schools that I classify as randomly assigning, π1 +κπ2 = 0, therefore
in these schools, omitted variable bias in the uncontrolled regression is solely coming from
sorting on unobservables not predicted by X,

OV Buncontrolled
R =

(
T

′
T
)−1

π
′

2Z̃
′
Z̃ρ,

where the R subscript stands for random schools.
Let us turn to the partially controlled specification now:

y = Tµ+X (β + κρ) + θ̃ + ε̃, (2.16)

where θ̃ = Z̃ρ+θ and ε̃ =
(
Z̃ − Z̃

)
ρ+ε and averaging takes place at the teacher-year level.

The omitted variable bias in µ and β + κρ when estimating (2.16) can be written as36

OV Bpartially controlled =

(
T

′
T T

′
X

X
′
T X

′
X

)−1(
T

′
Z̃

X
′
Z̃

)
ρ,

using again the standard omitted variable formula. As X
′
Z̃ = 0 by construction, and by

exploiting the fact that

(
T

′
T T

′
X

X
′
T X

′
X

)
is block-diagonal, we can focus on the elements that

determine the bias in µ only:37

OV Bpartially controlled =

( (
T

′
PXT

)−1 −
(
T

′
PXT

)−1
T

′
X
(
X

′
X
)−1

. . . . . .

)(
T

′
Z̃

0

)
ρ.

Therefore, the bias in the partially controlled model only comes from sorting on unobservables
beyond X in both types of schools:

OV Bpartially controlled in µ =
(
T

′
PXT

)−1

T
′
Z̃ρ =

(
T

′
PXT

)−1

π
′

2Z̃
′
Z̃ρ.

Notice that in schools that I classify as randomly assigning, T = PXT ,38 so in these schools

OV Bpartially controlled = OV Buncontrolled =
(
T

′
T
)−1

π
′

2Z̃
′
Z̃ρ.

36The matrix inside the inverse is non-singular as long as sorting students to teachers based on X is not
perfect.

37Bias in β + κρ is not of direct interest here.
38Since X

′
T = π1 + κπ2 = 0.
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Tables

Table B.1: Observed Teacher Characteristics by School Type

R TM diff
female mean 0.924 0.920 -0.004***

sd 0.265 0.271
N 62,253 75,795
SE(mean) 0.001 0.001 0.001

nonwhite mean 0.125 0.147 0.022***
sd 0.331 0.354
N 62,332 75,904
SE(mean) 0.001 0.001 0.002

at least mean 0.265 0.261 -0.004*
MA degree sd 0.441 0.439

N 62,269 75,800
SE(mean) 0.002 0.002 0.002

years of mean 12.488 12.280 -0.209***
experience sd 9.700 9.810

N 62,339 75,914
SE(mean) 0.039 0.036 0.053

tenure mean 4.522 4.399 -0.123***
sd 3.447 3.419
N 62,618 76,453
SE(mean) 0.014 0.012 0.019

NC license mean 0.804 0.797 -0.008***
sd 0.397 0.403
N 61,572 75,045
SE(mean) 0.002 0.001 0.002

reciprocal mean 0.176 0.179 0.003
license sd 0.381 0.384

N 61,572 75,045
SE(mean) 0.002 0.001 0.002

other mean 0.019 0.024 0.005***
license sd 0.137 0.153

N 61,572 75,045
SE(mean) 0.001 0.001 0.001

continuing mean 0.907 0.892 -0.015***
license sd 0.291 0.310

N 61,169 74,660
SE(mean) 0.001 0.001 0.002

initial mean 0.081 0.089 0.008***
license sd 0.273 0.284

N 61,169 74,660
SE(mean) 0.001 0.001 0.002

emergency / mean 0.012 0.019 0.007***
temporal sd 0.111 0.137
license N 61,169 74,660

SE(mean) 0.000 0.001 0.001

Note: Gender, race, education, experience and license status of teachers in random (R) and tracking &
matching (TM) schools. Female, nonwhite, at least MA and licensing variables are dummies for the respective
category, while experience and tenure (at the current school) is measured in years. This table shows that
TM school teachers are less likely to be nonwhite and have slightly less experience and tenure at the given
schools. Other differences are economically small, even if statistically significant.
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Table B.2: Observed Teacher Characteristics by Switching

stay switch diff
female mean 0.924 0.905 -0.018***

sd 0.265 0.293
N 93,379 5,737
SE(mean) 0.001 0.004 0.004

nonwhite mean 0.142 0.142 0.000
sd 0.349 0.349
N 93,504 5,744
SE(mean) 0.001 0.005 0.005

at least mean 0.262 0.224 -0.037***
MA degree sd 0.439 0.417

N 93,394 5,734
SE(mean) 0.001 0.006 0.006

years of mean 12.916 9.101 -3.815***
experience sd 9.581 8.542

N 93,508 5,746
SE(mean) 0.031 0.113 0.117

tenure mean 4.481 3.430 -1.052***
sd 3.238 2.604
N 93,716 5,755
SE(mean) 0.011 0.034 0.036

NC license mean 0.822 0.770 -0.052***
sd 0.383 0.421
N 92,316 5,633
SE(mean) 0.001 0.006 0.006

reciprocal mean 0.159 0.204 0.045***
license sd 0.366 0.403

N 92,316 5,633
SE(mean) 0.001 0.005 0.006

other mean 0.019 0.025 0.006***
license sd 0.137 0.157

N 92,316 5,633
SE(mean) 0.000 0.002 0.002

continuing mean 0.928 0.889 -0.039***
license sd 0.258 0.314

N 91,965 5,598
SE(mean) 0.001 0.004 0.004

initial mean 0.062 0.099 0.037***
license sd 0.241 0.298

N 91,965 5,598
SE(mean) 0.001 0.004 0.004

emergency / mean 0.010 0.012 0.003*
temporal sd 0.098 0.110
license N 91,965 5,598

SE(mean) 0.000 0.001 0.001

Note: Gender, race, education, experience and license status of teachers who stay in the same school from
this year to next and those who move. Female, nonwhite, at least MA and licensing variables are dummies
for the respective category, while experience and tenure (at the current school) is measured in years. This
table shows that switchers are less likely to be females, to have at least an MA degree and a North Carolina
approved, continuing license. Switchers are almost 4 years less experienced, and have one year less tenure in
the given school.
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Table B.3: Observed Teacher Characteristics by Group

R stayer TM stayer diff R-to-R diff rel to R-to-TM diff rel to TM-to-R diff rel to
R stayer R stayer TM stayer

female mean 0.926 0.922 0.004* 0.911 -0.015 0.910 -0.015 0.906 -0.016*
sd 0.263 0.268 0.285 0.286 0.292
N 38,933 46,800 1,097 914 978
SE(mean) 0.001 0.001 0.002 0.009 0.009 0.009 0.010 0.009 0.009

nonwhite mean 0.126 0.150 -0.024*** 0.118 -0.008 0.142 0.016 0.124 -0.026**
sd 0.332 0.357 0.322 0.349 0.330
N 38,980 46,861 1,096 914 981
SE(mean) 0.002 0.002 0.002 0.010 0.010 0.012 0.012 0.011 0.011

at least mean 0.262 0.264 -0.002 0.218 -0.044*** 0.226 -0.035** 0.202 -0.062***
MA degree sd 0.440 0.441 0.413 0.419 0.402

N 38,944 46,802 1,094 914 979
SE(mean) 0.002 0.002 0.003 0.012 0.013 0.014 0.014 0.013 0.013

years of mean 13.019 12.926 0.093 9.108 -3.911*** 9.161 -3.858*** 8.748 -4.178***
experience sd 9.508 9.647 8.516 8.501 8.356

N 38,981 46,864 1,097 915 981
SE(mean) 0.048 0.045 0.066 0.257 0.262 0.281 0.285 0.267 0.270

tenure mean 4.551 4.461 0.090*** 3.424 -1.127*** 3.488 -1.063*** 3.462 -0.999***
sd 3.239 3.243 2.576 2.625 2.722
N 39,038 47,002 1,101 914 983
SE(mean) 0.016 0.015 0.022 0.078 0.079 0.087 0.088 0.087 0.088

NC license mean 0.825 0.820 0.005*** 0.774 -0.051*** 0.787 -0.038*** 0.762 -0.058***
sd 0.380 0.384 0.418 0.410 0.426
N 38,436 46,303 1,076 897 951
SE(mean) 0.002 0.002 0.003 0.013 0.013 0.014 0.014 0.014 0.014

reciprocal mean 0.159 0.160 -0.001 0.209 0.050*** 0.188 0.029** 0.213 0.053***
license sd 0.366 0.367 0.407 0.391 0.410

N 38,436 46,303 1,076 897 951
SE(mean) 0.002 0.002 0.003 0.012 0.013 0.013 0.013 0.013 0.013

other mean 0.016 0.019 -0.004*** 0.017 0.001 0.025 0.009* 0.024 0.005
license sd 0.125 0.138 0.128 0.155 0.154

N 38,436 46,303 1,076 897 951
SE(mean) 0.001 0.001 0.001 0.004 0.004 0.005 0.005 0.005 0.005

continuing mean 0.936 0.924 0.012*** 0.883 -0.053*** 0.893 -0.043*** 0.913 -0.011
license sd 0.245 0.266 0.322 0.309 0.282

N 38,278 46,147 1,068 891 944
SE(mean) 0.001 0.001 0.002 0.010 0.010 0.010 0.010 0.009 0.009

initial mean 0.057 0.065 -0.008*** 0.109 0.051*** 0.098 0.040*** 0.073 0.008
license sd 0.233 0.247 0.311 0.297 0.260

N 38,278 46,147 1,068 891 944
SE(mean) 0.001 0.001 0.002 0.010 0.010 0.010 0.010 0.008 0.009

emergency / mean 0.007 0.011 -0.005*** 0.008 0.002 0.009 0.002 0.014 0.002
temporal sd 0.081 0.106 0.091 0.094 0.117
license N 38,278 46,147 1,068 891 944

SE(mean) 0.000 0.000 0.001 0.003 0.003 0.003 0.003 0.004 0.004

Note: Gender, race, education, experience and license status of teachers by group, where group is one
of the following 5: stayers in random (R) schools, stayers in tracking & matching (TM) schools, movers
(from this year to next) between two R schools, movers from R to TM schools, and movers from TM to
R schools. Female, nonwhite, at least MA and licensing variables are dummies for the respective category,
while experience and tenure (at the current school) is measured in years. This table shows that once we
condition on movers, the type of move can be treated as if random, since the three mover categories do not
differ among themselves (except for continuing/initial licensing status).
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Chapter 3

Teacher Peers at School: How Do Colleagues Affect

Value-Added and Student Assignments?

3.1 Introduction

According to a frequently heard policy suggestion, school districts should use value-added
measures for individual teacher evaluation such as firing and tenure decisions or financial
remuneration. However, if these measures depend on classroom assignments (or other factors
out of control of the individual teacher), then such a policy may lead to teachers wanting to
avoid “bad” assignments, which in turn, may increase educational inequalities.

It is often argued in the education literature that changes in average teacher value-added
within a school at a specific grade level are unbiased predictors of the change in the achieve-
ment of students at that grade level (Kane and Staiger (2008), Kane et al. (2013), Chetty
et al. (2014a), Bacher-Hicks et al. (2014)). This unbiasedness hinges on the assumption
that the change in teacher value added between two years is uncorrelated with other de-
terminants of achievement change. Other determinants include, primarily, the assignment
mechanism of students to teachers, which depend on observable and unobservable charac-
teristics of students to be assigned, the teaching workforce available and the principal. If a
change in teacher value-added in the given school and at the given grade level changes how
the principal assigns teachers to classrooms, the above assumption is violated. For instance,
if good teachers arrive exactly to get certain classroom assignments (either to help a class-
room to catch up, or an easy-to-teach classroom as a non-pecuniary reward for their work),
incumbent teachers will also get different students and may experience a change in their own
value added.

One can think of the following thought experiment. Imagine that a low value-added
teacher, Teacher A is randomly replaced by a new, high value-added teacher, Teacher D, at
a grade level in a school, and examine how the value-added of incumbent teachers B and
C, who have worked at the same school-grade the year before, change in response. If the
switch, that is, the shift in the quality distribution of available teachers, does not change
the incumbents’ assignments, value-added of incumbent teachers B and C should remain
unchanged.

In this chapter, I approximate this thought experiment in a regression framework. I
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adopt the approach of Mas and Moretti (2009) to estimate peer effects among supermarket
cashiers for elementary school teachers in North Carolina. In the first step of a two-step
procedure, I estimate the shrunken value-added of all teachers of each teacher in my sample,
as a measure of teacher productivity. I combine these estimates to form the change in peer
value-added for incumbent teachers at each school-grade level from one year to the next. I
want the resulting measure of change in peer value-added to conform with three principles.
First, it should be nonzero if and only if some teachers leave and/or some other teachers enter
the school-grade level. Second, research subjects should be separated from the treatment
peers, so I will only use value-added of those who enter and those left, but not those of the
stayers whose value-added shows up on the left handside (Angrist (2014)). I find that a 1
standard deviation (SD) increase in peer value-added results in a significant, 0.05-0.12 SD
increase in own value-added. According to the usual interpretation, for instance in Mas and
Moretti (2009) for cashiers or in Silver (2015) for emergency physicians, positive coefficients
mean positive spillovers (peer learning or social pressure).1

Does this usual interpretation apply for teachers? Alternative explanations may be (i)
unobserved shocks coinciding with the replacement of teachers that also cause the value-
added of incumbent teachers to rise (e.g. better student body, introduction of a new teaching
technology, etc.), or a change in the quality of students assigned to the incumbent teachers.
To get some insight on that, I estimate the same specification separately for random and
tracking & matching schools, classified in Chapter 1. In the sample of all schools, random
and tracking&matching schools are the same, all displaying the positive peer effects. On the
other hand, when I restrict the sample to schools where year-to-year the number of teachers
stay constant, and control for unobserved heterogeneities using school or principal effects,
the effect in random schools disappears, however, remain positive and almost of the same
magnitude. However, the coefficient in random schools, if unobserved shocks are properly
controlled for, should be a clean estimate of peer effects, as student assignment in random
schools are, by construction, do not exhibit sorting. Also, peer effects are expected to weaker
in tracking & matching schools, simply because if teachers teach very different kids, there is
less room for learning from peer teachers. Therefore, the coefficient for tracking & matching
schools should reflect a mix of stronger sorting effects and weaker peer effects. The results
found suggest that peer effects are low (0.01-0.05 SDs in response to a 1 SD increase in peer
value-added), and sorting effects are dominant. This is consistent to the last findings that
average prior achievement in incumbent teachers’ classrooms decrease, but only in tracking
& matching schools. There is no significant change in other student observables in incumbent
teachers’ classrooms.

This chapter relates to two important branches of previous research. Most importantly,
to teacher peer effect literature. Aaronson et al. (2007) find large effects of the English
teacher on math scores for Chicago Public School 9th graders, however, they leave it for

1Mas and Moretti (2009) observe the number of item scans as a measure of productivity, and look at
how the productivity of workers in the same shift affects own productivity. They identify from the imperfect
overlap in the shift of workers, that is, they analyze if the number scanned by worker B changes when the
faster worker A starts her shift and joins B. They regress own productivity on leave-out-mean productivity
and find evidence for strong, positive spillovers. In addition, using the location of the cashiers and predictions
of purchasing demand, they confirm that this effect is due to social pressure and not to scheduling faster
workers to shifts when purchasing activity in the store is higher.
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further research to decide whether it is due to sorting or teacher peer effects. The only
paper arguing for peer effects operating among teachers is that of Jackson and Bruegmann
(2009). They estimate teacher value-added as fixed effects from 1996-2000 North Carolina
data and then, analogously to Mas and Moretti (2009) or as it is in this chapter, form peer
value-added as the average of value-added scores of teachers teaching at the same school-
grade level. Afterwards, they regress student achievement on both own- and peer teacher
value-added scores on 2001-2006 data. They find positive effects of the peer teacher, who
does not teach the given students by construction. Although this design exploits similar
identifying variation as I do (teacher switches across grade-levels and schools), the results
may be driven by the selectivity of teachers present in both the 1996-2000 and 2001-2006
period.

The other strand of literature that this chapter speaks to is the methodologically oriented
teacher value-added estimation literature. Here, Kane and Staiger (2008) exploited a small-
scale teacher switching experiment in Los Angeles to confirm that observational estimates of
teacher value-added are not biased by nonrandom sorting of students to teachers, however,
their results are noisy. Kane et al. (2013), Chetty et al. (2014a) and more recently Bacher-
Hicks et al. (2014) replicated the underlying thought experiment in different school districts
using teacher switches between schools and grade levels as quasi-experiments and arrived
at the same conclusion. However, Rothstein (2014) pointed out that longitudinal sorting
undermines the quasi-experimental nature of these teacher switches, because in North Car-
olina he finds evidence for changes in predicted teacher value-added at the school-grade
level positively correlating with changes in average prior achievement at the school-grade
level. By focusing on changes in own value-added and peer predicted value-added, rather
than whole school-grade level changes, I can get at a different underlying assumption behind
quasi-experiments: whether teacher switches change the cross-sectional assignments. My
results indicate they do, in sorting schools.

The rest of the chapter is organized as follows. Section 2.2 gives a brief flavor of how the
within school-grade assignment procedure can result in positive peer effects. In Section 3.3,
I describe the empirical methods, namely, the estimation procedure for teacher value-added
and the adoption of framework of Mas and Moretti (2009) for teachers. Section 3.4 presents
the results and discusses the implications, while Section 3.5 concludes and outlines directions
for further research.

3.2 Framework

Student i’s end-of-grade test score is determined by her own characteristics, her assigned
teacher’s value-added, a classroom-level shock θjt and a individual shock εit, just as in Chap-
ter 1:

yit = Xitβ + Zitρ+ µj + θjt + εit, (3.1)

where Xit is a vector of the observable characteristics of student i at school-grade-year cell
sgt, while Zit is the vector of characteristics unobserved to the researcher but observed
by the principal. µj is teacher j’s value-added, while θjt is a classroom-level shock with
θjt ∼ iidN (0, σ2

θ), and εit is an individual shock with εit ∼ iidN (0, σ2
ε), just as in Chapter
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1. θjt and εit are independent.2 This implies that the expected end-of-grade test score if
student i assigned to teacher j is

E (yit | Xit, Zit, µj) = Xitβ + Zitρ+ µj. (3.2)

I assume that the school principals is in full charge of assigning students to teachers at a
school-grade level. In random assignment schools (defined and classified in Chapter 1), the
principal assigns students to classrooms and classrooms to teacher randomly. On the other
hand, in tracking & matching schools, the principal’s objective function is to get all students
to the “grade level” and maximize the average end-of-grade score, but if a student falls short
of the grade-level cutoff, her loss is larger than if the student scores above by the same same
amount:3

u (yit | c) =

{
yit + η (yit − c) if yit ≥ c,

yit + ηλ (yit − c) if yit < c.

The utilitarian principal assigns students to teachers by maximizing

1

Nsgt

Nsgt∑
i=1

E [u (yit | c)] =
1

Nsgt

Nsgt∑
i=1

{E [yit + η (yit − c) | yit ≥ c] Pr (yit ≥ c)

+ E [yit + ηλ (yit − c) | yit < c] Pr (yit < c)} (3.3)

=
1

Nsgt

Nsgt∑
i=1

E (yit)

+ η
1

Nsgt

Nsgt∑
i=1

{E [yit | yit ≥ c] Pr (yit ≥ c) + λE [yit | yit < c] Pr (yit < c)

− ηc [P (yit ≥ c) + λP (yit < c)]}
Because the principal has information on Xit, Zit and µj, all expectations and probabilities
are also conditional on these variables, requiring the use of eq. (3.2). Also, because both the
classroom and individual level shocks are normal, we can use the expectation of truncated
normal random variables, and thus eq. (3.3) reduces to

1

Nsgt

Nsgt∑
i=1

E [u (yit | c,Xit, Zit, µj)] = (1 + η)

(
X̄sgtβ + Z̄sgtρ+

1

Nsgt

Jsgt∑
j=1

njtµj

)
− ηc+

+η (λ− 1)
1

Nsgt

Nsgt∑
i=1

(Xitβ + Zitρ+ µj) × Φ

(
c−Xitβ − Zitρ− µj

σ2
θ + σ2

ε

)

− η (λ− 1)
(
σ2
θ + σ2

ε

) 1

Nsgt

Nsgt∑
i=1

φ

(
c−Xitβ − Zitρ− µj

σ2
θ + σ2

ε

)
(3.4)

− η (λ− 1) c
1

Nsgt

Nsgt∑
i=1

Φ

(
c−Xitβ − Zitρ− µj

σ2
θ + σ2

ε

)
2j is again the result of teacher assignment j = j(i, t) if student i in year t, at school-grade cell sg.
3This utility function is a Kahneman-Tversky reference-dependent utility function, where the reference

point is exogenously given by the cutoff test score for achieving at the grade level. η is the weight on the
gain-loss utility, and λ > 1 is the loss aversion parameter.
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If class sizes are fix and equal across teachers (
njt
Nsgt
≡ Nsgt

J
), the principal only needs to decide

about the allocation of students. Then the first two terms (first line) in eq. (3.4) is fix since
the pool of teachers and students are fix, and the principal maximizes

η (λ− 1)
(
σ2
θ + σ2

ε

) 1

Nsgt

×

×
Nsgt∑
i=1

[
φ

(
c−Xitβ − Zitρ− µj

σ2
θ + σ2

ε

)
+
c−Xitβ − Zitρ− µj

σ2
θ + σ2

ε

Φ

(
c−Xitβ − Zitρ− µj

σ2
θ + σ2

ε

)]
,

From here we can see, that if η = 0 or λ = 1 (the principal only cares about the average
scores), then assignment does not matter, since it does not matter which students get higher
value-added.

Because the each term is decreasing in µj, in optimum, the principal assigns the best
teacher to students who are the furthest away from c, and the worst teacher to those clos-
est. Note that this results in tracking, because students with similar predicted scores will
be assigned to the same classroom, and with approximately constant student and teacher
distributions across years, it also results in matching, since each teacher receives the same
type of students year after year.

Eventually, the result says the worst teachers get the students with the highest true
predicted scores. However, the researcher does not observe the true predicted score, it
is positively correlated with observed predicted scores. On the other hand, the difference
between the true and the observed predicted score is (Zit −Xitκ) ρ, where κ is the projection
coefficient of Z on X, just as in Chapter 2. This is positively correlated with Zit and
uncorrelated with Xit, so also positively correlated with the true predicted score. In turn,
the classroom-level average of (Zit −Xitκ) ρ is exactly the bias in the measured value-added
of the teacher teaching the class in year t. Therefore, the worst teachers, who get the students
with the highest true predicted scores, will have the most positive bias.

A couple of testable implications follow:

1. Holding constant the pool of students, if a teacher is replaced by a better teacher,
assignments of the incumbent teachers may change. That is, the value-added of peers
affects own assignments. As peer value-added increases, teacher j’s own students get
better in terms of predicted scores.4

2. As assignment improves, bias in measure value-added is increasing, so measured value-
added increases. That is, the value-added of peers influences own (measured) value-
added, through the assignments.

3. The above two implications hold for tracking & matching schools only. For random
schools, neither assignments nor own value-added of incumbent teachers are affected
by changes in peer value-added.

4As it turns out in Section 3.4, this prediction is not matched in the data.
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3.3 Empirical Methods

3.3.1 Estimating Teacher Value-Added

I estimate the following student-level value added model:

yit = γg (yit−1) +X
′

itβ + δgt + νit, (3.5)

where in all specifications the dependent variable is the standardized end-of-grade math test
scores of student i, taught by teacher j = J(i, t) at school s = S(i, t) in grade g = G(i, t) at
year t, yit, and controls are

• grade-specific, 3rd order polynomial of lagged scores, both math and reading, γg (yig−1t−1);

• student’s gender, ethnicity, exceptional status, FRL status and parental education, Xi;

• year×grade dummies, δgt.

To get the teacher effect estimates, V A
−{t,t−1}
jt , after estimating the student-level model, I

apply two different but related methods. First, similarly as in Kane and Staiger (2008) and
Jacob et al. (2010), I decompose νit into teacher, classroom and student level components:

νijt = µj + θjt + εijt. (3.6)

By averaging over teacher j’s students in year t, we get

ν̄jt = µj + θjt + ε̄jt.

I combine these classroom-level average residuals in different years for the same teacher, in
a leave-2-years-out fashion:

ν̄−t,t−1
jt =

∑
r 6=t,t−1

hjrν̄jr∑
r 6=t,t−1

hjr
,

where the precision weights are

hjr =
1

V ar (θjr + ε̄jr)
=

1

σ2
θ + σ2

ε

njr

. (3.7)

From here, the Bayesian leave-2-years-out shrinkage estimator for µj is defined by the equa-
tion

ν̄jt = V̂ Ajt + ejt = λν̄−t,t−1
j + ejt,

where λ is the shrinkage factor. We can determine λ using the OLS formula,

λ ≡
Cov

(
ν̄jt, ν̄

−t,t−1
j

)
V ar

(
ν̄−t,t−1
j

) =
σ2
µ

σ2
µ +

( ∑
r 6=t,t−1

hjr

)−1 .
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To verify that this procedure yields best predictors, I regress ν̄jt on V̂ Ajt ≡ λν̄−t,t−1
j ,

which, if the assumed structure of value-added in eq. (3.6) is correct, should yield a coefficient
of 1:

Cov
(
ν̄jt, V̂ Ajt

)
V ar

(
V̂ Ajt

) =
Cov

(
ν̄jt, λν̄

−t,t−1
j

)
V ar

(
λν̄−t,t−1

j

) = 1.

The results are displayed in Table 3.1 and show that the estimates undershrink the series
of average residuals, as λ is significantly lower than 1. This suggests that the assumed
value-added structure in eq. (3.6) may not be correct.

The second method, used in Chetty et al. (2014a), improves on the first by, more flexibly,
allowing for a drift in true value-added to get value-added estimates:5

V̂ A
−{t−1,t}
jt =

∑
r 6=0,1

ψ|r|ν̄j,t−r, (3.8)

V̂ A
−{t,t+1}
jt =

∑
r 6=0,−1

ψ|r|ν̄j,t−r. (3.9)

ν̄j,t−r is the average of regression residuals in (3.5) for teacher j’s students in year t−r. ψ|r|’s
are shrinkage coefficients, which only depend on how far apart average residuals, ν̄j,t−r, is
from the year for which we want to estimate value-added (t).

Again, one can verify that these value-added estimates are best linear predictors for ν̄jt
by running the OLS

ν̄j,t = λ0 + λ1V̂ A
−{t,t±1}
jt + ξjt, (3.10)

where we expect λ1 to be statistically insignificantly different from 1, and λ0 from 0. The
results are displayed in Table 3.2 and show that the estimates slightly overshrink the series
of average residuals, as λ1 is significantly larger than 1, even if the point estimate is only
slightly higher.6

3.3.2 Adopting the Framework of Mas and Moretti (2009) for
Teachers

After computing leave-2-out value added measures for each teacher, I define the change in
the peer value added, 4V A−jgst, as

4V A−jgst =

∑
k new

V̂ A
−{t−1,t}
kgst

number new
−

∑
k leaving

V̂ A
−{t−1,t}
kgs,t−1

number leaving
. (3.11)

A couple of things deserve to be noted. This measure is nonzero only if a new teacher
comes in or a teacher leaves. The better the new teacher is, the higher 4V A−jgst is, or the

5The estimation is implemented using the “vam” STATA code written for Chetty et al. (2014a).
6The point estimates for the regression with the leave-1-year-out value-added on the right handside has

the same coefficients as in Rothstein (2014).
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better the leaver is, the lower 4V A−jgst is. As Angrist (2014) points out, when estimating
peer effects, one should separate research subjects from treatment peers, therefore, I do not
include incumbent peers’ value-added in (3.11). I do not weight by class sizes, as those may
be endogenous.

I run the following regression:

4ν̄jgst = %0 + %14V A−jgst + Z
′

gstψ + εjgst, (3.12)

where Zgst is the change in the number of peers, change in the pool of students at the
school-grade-year level (change in the relative class size, fraction of nonwhite students, and
average lagged test scores). Because change in peers’ value-added appears on the right
handside, I use the shrunken value-added scores in (3.11) to provide a value-added score
with the least measurement error.7 I estimate eq. (3.12) for incumbent teachers who will
stay for at least another year. This latter is important to make sure that no teacher-year
observation that appears as a treatment peer shows up as a research subject (Angrist (2014)).
In some specifications, I also add principal, school-grade or school-year effects to control for
unobserved effects related to the person in charge of teacher assignments, or to capture
unobserved shocks.8

Our parameter of interest is %1, which tells us that if a 1 standard deviation (SD) better
teacher arrives at the school-grade level, incumbents’ value-added changes by %1 SDs on
average.

To see if the observed characteristics of students assigned to the incumbent teachers
change, I replace the change the left handside variable in eq. (3.12) with changes in teacher
j’s students’ characteristics (such as relative class size, relative fraction of nonwhite students
in the classroom9 and average lagged achievement in the classroom).

Finally, to see if the effect of peers is different in tracking & matching schools than in
random schools, I add the main effect and the interaction term for the assignment policy
variable (a categorical variable for tracking only and tracking & matching) identified in
Chapter 1:

4ν̄jgst = %0
0 + %1

0Ts + %1
0TMs +

+ %0
14V A−jgst + %1

14V A−jgstTs + %2
14V A−jgstTMs + (3.13)

+ Z
′

gstψ + εjgst,

3.3.3 Data and Summary Statistics

Just as in the first two chapters, I again use the administrative dataset linking 3rd-5th grade
students to their teachers, provided by the North Carolina Education Research Data Center.

7As outlined in Section 3.3.1 and similarly to Chetty et al. (2014a), I use a leave-2-years-out shrinkage
estimate for value-added on the right handside, so that whatever is used to generate this estimate does not
contaminate mechanically the value-added on the left handside.

8Note that because the peer treatment is the same for everyone in the estimation sample at the same
school-grade-year cell, it is not possible to control for school-grade-year effects. Thus, in principle, it is
plausible (though unlikely) that the coefficients I find reflect unobserved school-grade level shocks exactly in
years when a better teacher enters.

9Relative class size is defined as class size
number of students at school-grade-year cell , while the relative fraction of non-

white students as nonwhite students in class
nonwhite students at school-grade-year cell .
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A more detailed description of the data can be found in Chapter 1, Section 1.2.
Summary statistics of the main variables that I use in this chapter are displayed in

Table B.4 and histograms in Figure 3.1. These are the following: average classroom residu-
als, shrunken value-added computed as described in Section 3.3.1 above, change in average
classroom residuals and in peer value-added for stayers.10

Tables B.3 shows that the number of teacher at a school-grade-year cell is highly right
skewed; on average there is one teacher leaving and one arriving at the school-grade level,
with 2 additional teachers staying. Turnover is slightly higher in tracking & matching schools.
Table B.4 shows generally that value-added of leavers are the lowest, while that of the stayers
is the highest, across all school types. However, average classroom residuals are the lowest
for newcomers, that may reflect a temporary period of adaption to the new environment,
or an initial unfavorable assignment. The histograms reveal that while the distribution of
change in average classroom residuals is almost identical across school random and tracking
& matching schools,11 in random schools there changes in peer value-added around zero are
much more common, only due to the fact that teacher switches occur more frequently in
tracking & matching schools (and this is when the change in peer value-added is nonzero).

3.4 Results and Discussion

As a benchmark for traditional peer effect regressions, I estimated a regression similar to eq.
(3.10), but with the leave-out mean of peers’ value-added included:

ν̄jt = λ0 + λ1V̂ Ajt + λ2V̂ A−jt + ξjt.

Altough Angrist (2014) talks about the flaws of interpretation of the estimate for λ2 in such
a model, it may be a useful comparison to main results with a better design. Results are
shown in columns (3)-(4) of (3.1) (and (3.2)). If I did not have the better design, then these
estimates would suggest much larger peer effects (0.2-0.28 SDs) than what my preferred
estimates will show later.

Main results from the Mas and Moretti design are shown in Tables B.5, B.6 and in Figure
3.2.12 In all tables, columns (1) through (5) show estimates for all schools, while columns
(6) through (10) apply for school-grade cells that are not expanding or contracting, that is,
the number of teachers does not change.

Table B.5 shows the baseline results and Panel A of Figure 3.2 graphically illustrate
the preferred specification (with principal effects). There is a strongly positive association
between the change in non-incumbent peer value-added and own value-added. A 1 stan-
dard deviation (SD) increase in peer value-added results in a 0.06-0.12 SDs increase in own

10Again, peer value-added is defined as the difference of value-added between newcomers and teachers
who left since last year from the school-grade level.

11These school types were identified in Chapter 1.
12Table results are only reported for the Kane and Staiger (2008) shrinkage method. For the Chetty et al.

(2014a) shrinkage, the results are qualitatively the same and generally somewhat larger in magnitude. The
picture illustration of the main results applying the Chetty et al. (2014a) shrinkage are reported in Figure
3.3 for comparison. The differences in magnitude between the two methods are similar in all specifications
to those seen in the graphs.
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value-added. Controls for observed average characteristics of the student body at the school-
grade-year level (change in number of students, fraction of nonwhite students, average prior
achievement) essentially do not change the results. This means that changes in teacher qual-
ity is uncorrelated with other changes in school-grade-year level observables. However, when
adding principal-, school-year or school-grade effects, the coefficients decrease, meaning that
higher value-added teachers enter in schools where incumbent value-added is also increasing.
Nevertheless, even after controlling for these unobserved heterogeneities and restricting the
sample to school-grade cells with a constant number of teachers, the positive association
between changes in peer- and own value-added remains.

Beyond the overall results, looking at heterogeneities by the sorting type of schools may
give us additional insights. Next I look at differences in the peer effect between random and
tracking & matching schools, classified in Chapter 1.13 Recall that in tracking & matching
schools, students in the same school-grade-year cohort are grouped into homogenous class-
rooms based on their prior test scores, and some teachers year after year get assigned to the
high-achieving classrooms, while other teachers to the low-achieving classrooms. In random
schools, neither of these two occurs.

Regression results showing the difference between the two types of schools are displayed
in Table B.6, and graphically in Figure 3.2, Panel B. A striking pattern emerges from Table
B.6: The magnitude of changes in peer value-added on own value-added is similar as in the
overall specifications, however, for all the schools, the results are driven by random schools,
while when we restrict the sample to non-expanding and non-contracting schools (Columns
5-10), they are driven by tracking & matching schools. In random schools, assignments
should not (and as we will see in the next tables, do not) depend on peer value-added, so
the coefficients for random schools are estimates for a combination of peer effects and effects
of unobserved shocks. The fact that the coefficient decreases to 0 when we restrict the
sample to non-expanding/non-contracting school-grade-year cells and include principal or
school effects to control for unobserved heterogeneities, suggests that the positive estimates
mostly reflected other specificities at the school-grade cell at the same time when the high
value-added peers entered.

On the other hand, the additional effect in tracking & matching schools estimate the net
effect of peer effects and sorting effects. If anything, peer effects are expected to be weaker
in tracking & matching schools, since teachers teach different types of kids, and so there
is less room for peer learning. The fact that in non-expanding/non-contracting schools,
the coefficient on peer value-added is only significantly positive at tracking & matching
schools and zero at random schools suggests that sorting is more likely to be the underlying
mechanism. This is illustrated graphically in Panel B of 3.2: peer value-added has a visibly
larger effect in sorting schools.

The above results suggest that when high value-added peers move in, sorting of students
to incumbent teachers may significantly change, at least in tracking & matching schools.
Therefore, Tables B.7-B.10 explore how differently the student assignments of incumbent
teachers change in the two school types. Effects on own relative class size, defined as the
number of students in the incumbent teacher’s own classroom relative to the size of the cohort
at the school-grade-year cell, are either precise zeros, or economically tiny negatives in all

13In this chapter, I use the posterior classification of schools described in detail in Chapter 1, Section 1.5.
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specifications. That is, principals do not adjust class sizes when the quality distribution
of teachers shift. Relative number of nonwhite students in own classroom of incumbent
teachers, defined as the number of nonwhite students relative to the number of nonwhite
students in the cohort, does not change either.

However, average prior achievement in incumbent teachers’ classrooms decreases in re-
sponse to a high value-added teacher entering the same school-grade level. If a teacher is
replace by a 1 SD better colleague, average lagged math scores in an incumbent teacher’s
classroom decrease by 0.04-0.05 SDs (0.03-0.04 for reading).14,15 Moreover, this negative ef-
fect can fully be attributed to tracking & matching schools; incumbent teacher assignments
are not affected in random schools. Interestingly, in the overall regression with classroom
average of lagged prior achievement as the left handside variable (not reported), when we in-
clude any controls, peer effects on own classroom average of prior achievement become more
negative. This is in line Rothstein (2014)’s point that better teachers enter in school-grade
levels where prior achievement increase anyways. However, the the estimates do not further
decline in response to adding controls in the specifications showing heterogeneities by the
sorting type of the school, which suggests that teacher switches that change the average
value-added at the school-grade level are more likely to occur in sorting schools.

Overall, these results suggest that the strong positive association between changes in
peer- and own value-added comes from expanding random schools (0.05-0.1 SDs; most likely
due to other coinciding unobserved shocks at the school-grade level) and tracking & matching
schools (0.06-0.1 SDs) where the size of the teaching staff is constant. This latter reflects
changes in the students assignments of incumbent teachers (a decline in the average prior
achievement in their classrooms).

3.5 Concluding Remarks and Directions for Further

Research

When a teacher is replaced at a school-grade level by a better teacher, the value-added of
her incumbent coworkers rises. In this chapter, I argued that this rise is mainly due to
changes in the student assignment at the grade-level or other unobserved shocks, and less
so to peer effects among teachers. When a high value-added teacher enters, class size of
the incumbents does not change significantly. However, in tracking & matching schools,
incumbents tend to be assigned to lower prior achievement kids. In random schools, peer
value-added still positively affect own value-added, although this is driven by expanding
schools, and assignments do not change.

A couple of issues and related questions remain for further research. First, why do
incumbent teachers get assigned to lower prior achievement kids when a high value-added
colleague enters? The proposed model in Section 3.2 implies the opposite. Common sense
would suggest that if a high value-added teacher shows up, she should get the favorable
(high prior achievement) classroom, while incumbents get observationally worse students.

14This is not in line with the predictions of the model in Section 3.2, and calls for further work.
15Evidence for prior reading achievement in incumbent teachers’ classrooms is weaker, which may be due

to the fact that all value-added measures are computed from math test scores.
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If so, however, why does the value-added of incumbents increase at the same time, exactly
at schools where the assignments change? Results in Chapter 2 suggest that lower value-
added teachers get lower prior achievement students, however, these are in fact the high-
gain students, and as a consequence, value-added of these teachers will be upward biased.
This story is consistent with the findings here, however, it remains a puzzle why low prior
achievement students would be the high gain ones. This needs further exploration.

Another related question and a potential direction for future research is to look at if the
changes found in own value-added in response to a change in peer value-added are permanent,
or temporary and last only until the newcomers adjust to the new school environment.
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Tables
Table 3.1: Value-Added Scores as Best Predictors, Kane and Staiger (2008) method

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES avg. resids avg. resids avg. resids avg. resids avg. resids avg. resids avg. resids avg. resids
leave-1-out VA 0.970 0.966 0.894 0.906

(0.004) (0.004) (0.004) (0.004)
leave-2-out VA fw 0.941 0.935

(0.005) (0.005)
leave-2-out VA lag 0.941 0.936

(0.005) (0.005)
uw peer VA 0.277 0.218

(0.007) (0.006)
Constant -0.010 -0.002 -0.011 -0.003 -0.009 0.000 -0.010 -0.002

(0.001) (0.000) (0.001) (0.000) (0.001) (0.001) (0.001) (0.001)

Observations 154,547 129,164 147,052 122,785 154,547 124,577 154,547 124,599
R-squared 0.318 0.380 0.311 0.365 0.256 0.316 0.257 0.316
0s excluded no yes no yes no yes no yes

Note: Standard errors in parentheses are clustered at the school level. Regressions are weighted by class size. Dependent variable in each column is
average classroom residuals from the given student-level VAM specification, while the independent variables are precision-weighted average classroom
residuals for all but the current (leave-1-out), all but the current and previous (leave-2-out lag) or all but the current and next (leave-2-out fw)
years available for the teacher in the given school and grade level, shrunken to adjust for measurement error. See more details on the shrinkage in
Section 3.3.1. If value-added in other years are best linear unbiased predictors (BLUPs) for this year’s value-added, we should see coefficients of 1
(and intercepts of 0). Here, coefficients are somewhat below 1, indicating undershrinkage, which may come from the fact that this shrinkage method
assumes that value-added from any year are equally predictive of current value-added. In columns (3) and (4) the leave-out average value-added
of teachers (not weighted by class size) who teach at the same school-grade in the given year are added as a benchmark of traditional peer effect
regressions.
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Table 3.2: Value-Added Scores as Best Predictors, Chetty et al. (2014a) method

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES avg. resids avg. resids avg. resids avg. resids avg. resids avg. resids avg. resids avg. resids
leave-1-out VA 1.015 1.011 0.934 0.951

(0.004) (0.004) (0.005) (0.005)
leave-2-out VA fw 1.021 1.014

(0.005) (0.005)
leave-2-out VA lag 1.022 1.015

(0.005) (0.005)
uw peer VA 0.263 0.195

(0.007) (0.006)
Constant -0.010 -0.002 -0.012 -0.003 -0.010 0.001 -0.011 -0.001

(0.001) (0.000) (0.001) (0.000) (0.001) (0.001) (0.001) (0.001)

Observations 154,547 129,164 147,052 122,785 154,547 120,279 154,547 120,279
R-squared 0.318 0.380 0.330 0.387 0.273 0.349 0.273 0.349
0s excluded no yes no yes no yes no yes

Note: Standard errors in parentheses are clustered at the school level. Regressions are weighted by class size. Dependent variable in each column is
average classroom residuals from the given student-level VAM specification, while the independent variables are precision-weighted average classroom
residuals for all but the current (leave-1-out), all but the current and previous (leave-2-out lag) or all but the current and next (leave-2-out fw) years
available for the teacher in the given school and grade level, shrunken to adjust for measurement error. See more details on the shrinkage in Section
3.3.1. If value-added in other years are best linear unbiased predictors (BLUPs) for this year’s value-added, we should see coefficients of 1 (and
intercepts of 0). Here, coefficients are slightly beyond 1, indicating a slight overshrinkage. In columns (3) and (4) the leave-out average value-added
of teachers (not weighted by class size) who teach at the same school-grade in the given year are added as a benchmark of traditional peer effect
regressions.

79



Table B.3: Summary Statistics - School-Grade-Year Cells

mean sd p10 p50 p90 max N
number of all teachers all schools 3.119 1.483 1 3 5 16 48,979

R 2.956 1.388 1 3 5 14 21,392
TM 3.381 1.557 2 3 5 16 22,885

number of new teachers all schools 0.957 1.118 0 1 2 13 48,979
R 0.863 1.050 0 1 2 11 21,392

TM 1.054 1.780 0 1 3 13 22,885
number of stayers from last year all schools 1.771 1.432 0 2 4 11 48,979

R 1.711 1.376 0 2 4 10 21,392
TM 1.917 1.510 0 2 4 10 22,885

number of teachers leaving next year all schools 0.918 1.049 0 1 2 12 48,979
R 0.8354 0.9915 0 1 2 12 21,392

TM 1.003 1.104 0 1 2 10 22,885

Note: Kane and Staiger (2008) shrinkage applied.

Table B.4: Summary Statistics - Teachers

VA avg.. resids
N

mean sd mean sd
new all schools 0.002 0.113 -0.035 0.251 46,851

R 0.005 0.113 -0.025 0.247 18,461
TM -0.000 0.113 -0.041 0.251 24,129

leaving all schools -0.002 0.113 -0.029 0.254 44,945
R 0.001 0.113 -0.020 0.250 17,870

TM -0.004 0.113 -0.033 0.255 22,962
stayer, not leaving all schools 0.020 0.151 0.030 0.240 56,710

R 0.027 0.151 0.038 0.239 24,330
TM 0.013 0.149 0.023 0.239 28,585

Note: Kane and Staiger (2008) shrinkage applied.
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Table B.5: The Effects of a Change in Peer Value-Added on the Change in Own Value-Added

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids)

d(peer VA) 0.095*** 0.099*** 0.072*** 0.105*** 0.068*** 0.113*** 0.118*** 0.096*** 0.057* 0.095***
(0.009) (0.009) (0.010) (0.012) (0.010) (0.017) (0.017) (0.020) (0.034) (0.021)

d(num peers) 0.007*** 0.013*** 0.013*** 0.012*** 0.013***
(0.001) (0.001) (0.001) (0.002) (0.001)

d(avg. lagged math) -0.209*** -0.212*** -0.059*** -0.212*** -0.204*** -0.205*** -0.036 -0.207***
(0.008) (0.008) (0.010) (0.008) (0.011) (0.013) (0.022) (0.014)

d(avg. lagged reading) 0.077*** 0.076*** 0.007 0.078*** 0.081*** 0.075*** -0.007 0.085***
(0.008) (0.008) (0.010) (0.008) (0.011) (0.013) (0.023) (0.014)

d(frac nonwhite) -0.084*** -0.085*** 0.001 -0.083*** -0.053** -0.061** 0.041 -0.055*
(0.015) (0.016) (0.020) (0.016) (0.024) (0.029) (0.047) (0.029)

d(log num studs) -0.093*** -0.093*** -0.061*** -0.096*** -0.122*** -0.120*** -0.076*** -0.128***
(0.006) (0.006) (0.008) (0.006) (0.010) (0.012) (0.020) (0.012)

Constant 0.003*** 0.004*** 0.004*** 0.003*** 0.004*** 0.001 0.002 0.002*** 0.001* 0.002***
(0.001) (0.001) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001) (0.000) (0.000)

Observations 87,497 87,497 87,375 87,497 87,497 28,313 28,313 28,286 28,313 28,313
R-squared 0.003 0.028 0.073 0.365 0.057 0.002 0.030 0.150 0.518 0.152
school-grade effects no no no no yes no no no no yes
school-year effects no no no yes no no no no yes no
principal effects no no yes no no no no yes no no
expanding/contracting
schools included? yes yes yes yes yes no no no no no

Note: Standard errors in parentheses are clustered at the school level. Regressions weighted by average class size. Dependent variable in each column
is the change in average classroom residuals from student-level OLS VAM specification. Independent variable of interest is the unweighted difference
in shrunken VA between newcomers and leavers. Kane and Staiger (2008) shrinkage applied.
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Table B.6: The Effects of a Change in Peer Value-Added on the Change in Own Value-Added - by classroom assignment policy

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids) d(avg. resids)

d(peer VA) 0.080*** 0.085*** 0.054*** 0.103*** 0.049*** 0.077*** 0.079*** 0.045 0.011 0.034
(0.014) (0.014) (0.015) (0.019) (0.015) (0.024) (0.024) (0.028) (0.049) (0.030)

R 0.002 0.002 0.002 0.009* 0.008 0.011
(0.002) (0.002) (0.007) (0.005) (0.005) (0.015)

TM 0.001 0.001 0.002 0.004 0.003 0.012
(0.001) (0.001) (0.004) (0.003) (0.003) (0.008)

T*d(peer VA) 0.000 -0.002 0.009 -0.020 -0.005 0.069 0.074 0.121 0.034 0.197**
(0.037) (0.038) (0.042) (0.051) (0.042) (0.068) (0.069) (0.084) (0.119) (0.099)

TM*d(peer VA) 0.028 0.025 0.032 0.006 0.036* 0.062* 0.066* 0.085** 0.090 0.097**
(0.019) (0.019) (0.020) (0.025) (0.020) (0.036) (0.035) (0.041) (0.072) (0.043)

d(num peers) 0.007*** 0.013*** 0.013*** 0.012*** 0.013***
(0.001) (0.001) (0.001) (0.002) (0.001)

d(avg. lagged math) -0.210*** -0.213*** -0.059*** -0.213*** -0.208*** -0.209*** -0.037 -0.212***
(0.008) (0.008) (0.010) (0.008) (0.012) (0.014) (0.023) (0.014)

d(avg. lagged reading) 0.080*** 0.079*** 0.007 0.081*** 0.086*** 0.081*** -0.007 0.090***
(0.008) (0.008) (0.010) (0.008) (0.012) (0.014) (0.023) (0.014)

d(frac nonwhite) -0.083*** -0.084*** 0.002 -0.082*** -0.060** -0.067** 0.034 -0.062**
(0.015) (0.016) (0.020) (0.016) (0.024) (0.029) (0.048) (0.029)

d(log num studs) -0.093*** -0.093*** -0.062*** -0.096*** -0.121*** -0.118*** -0.079*** -0.127***
(0.006) (0.006) (0.008) (0.006) (0.011) (0.012) (0.020) (0.013)

Constant 0.003*** 0.003*** 0.003 0.003*** 0.004*** -0.001 -0.000 -0.004 0.001** 0.002***
(0.001) (0.001) (0.002) (0.000) (0.000) (0.002) (0.002) (0.004) (0.000) (0.000)

Observations 86,745 86,745 86,644 86,745 86,745 27,887 27,887 27,869 27,887 27,887
R-squared 0.003 0.028 0.071 0.360 0.055 0.003 0.030 0.149 0.512 0.151
school-grade effects no no no no yes no no no no yes
school-year effects no no no yes no no no no yes no
principal effects no no yes no no no no yes no no
expanding/contracting
schools included? yes yes yes yes yes no no no no no

Note: Standard errors in parentheses are clustered at the school level. Regressions weighted by average class size. Dependent variable in each column
is the change in average classroom residuals from student-level OLS VAM specification. Independent variable of interest is the unweighted difference
in shrunken VA between newcomers and leavers, and its interactions with assignment practice dummies (whether the school is tracking-only (T) or
tracking & matching (TM); reference group is random (R) schools). Kane and Staiger (2008) shrinkage applied.
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Table B.7: The Effects of a Change in Peer Value-Added on the Change in Own Relative Class Size - by classroom assignment
policy

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES d(rel. class size) d(rel. class size) d(rel. class size) d(rel. class size) d(rel. class size) d(rel. class size) d(rel. class size) d(rel. class size) d(rel. class size) d(rel. class size)

d(peer VA) -0.000 -0.001 0.000 0.001 -0.000 -0.009* -0.008* -0.009* -0.009* -0.010*
(0.004) (0.003) (0.003) (0.005) (0.004) (0.005) (0.005) (0.005) (0.005) (0.006)

T 0.001 0.000 0.000 -0.001 -0.001 0.001 0.001
(0.001) (0.001) (0.002) (0.002) (0.002) (0.005) (0.005)

TM 0.000 -0.000 0.001 0.000 0.000 0.003 0.003
(0.000) (0.000) (0.001) (0.001) (0.001) (0.002) (0.002)

T*d(peerVA) 0.010 0.005 0.005 0.004 0.008 0.030* 0.028* 0.023 0.023 0.034
(0.017) (0.015) (0.016) (0.024) (0.016) (0.017) (0.016) (0.019) (0.019) (0.021)

TM*d(peerVA) 0.001 -0.001 -0.001 -0.002 -0.001 0.009 0.008 0.009 0.009 0.010
(0.005) (0.004) (0.005) (0.006) (0.005) (0.007) (0.006) (0.007) (0.007) (0.008)

d(num peers) -0.020*** -0.010*** -0.010*** -0.012*** -0.010***
(0.001) (0.000) (0.000) (0.001) (0.000)

d(avg. lagged math) 0.007*** 0.007*** 0.007* 0.007*** 0.009*** 0.008** 0.008** 0.009**
(0.002) (0.002) (0.004) (0.002) (0.003) (0.004) (0.004) (0.004)

d(avg. lagged reading) 0.007*** 0.007*** 0.004 0.007*** 0.007** 0.008** 0.008** 0.006
(0.002) (0.003) (0.004) (0.003) (0.003) (0.004) (0.004) (0.004)

d(frac nonwhite) -0.014*** -0.014*** -0.010 -0.013*** -0.020*** -0.024*** -0.024*** -0.027***
(0.005) (0.005) (0.007) (0.005) (0.007) (0.008) (0.008) (0.009)

d(log num studs) -0.156*** -0.157*** -0.154*** -0.156*** -0.114*** -0.113*** -0.113*** -0.113***
(0.003) (0.004) (0.005) (0.003) (0.004) (0.005) (0.005) (0.005)

Constant 0.000 0.001*** 0.000 0.001*** 0.001*** 0.001*** 0.002*** 0.000 0.000 0.002***
(0.000) (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.000)

Observations 86,745 86,745 86,644 86,745 86,745 27,887 27,887 27,869 27,869 27,887
R-squared 0.089 0.245 0.285 0.526 0.268 0.000 0.097 0.207 0.207 0.206
school-grade effects no no no no yes no no no no yes
school-year effects no no no yes no no no no yes no
principal effects no no yes no no no no yes no no
expanding/contracting
schools included? yes yes yes yes yes no no no no no

Note: Standard errors in parentheses are clustered at the school level. Regressions weighted by average class size. Dependent variable in each column
is the change in relative class size, defined as class size divided by the total number of students in the school-grade-year. Independent variable of
interest is the unweighted difference in shrunken VA between newcomers and leavers, and its interactions with assignment practice dummies (whether
the school is tracking-only (T) or tracking & matching (TM); reference group is random (R) schools). Kane and Staiger (2008) shrinkage applied.
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Table B.8: The Effects of a Change in Peer Value-Added on the Change in the Relative Number of Nonwhite Students in Own
Classroom - by classroom assignment policy

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite) d(rel. nonwhite)

d(peer VA) 0.008 0.008 0.008 0.010 0.007 -0.005 -0.004 -0.008 -0.008 -0.001
(0.008) (0.008) (0.008) (0.012) (0.008) (0.015) (0.015) (0.017) (0.017) (0.020)

T 0.001 0.001 0.008* 0.002 0.002 0.008 0.008
(0.002) (0.001) (0.004) (0.004) (0.004) (0.012) (0.012)

TM -0.000 -0.001 0.002 -0.002 -0.002 0.000 0.000
(0.001) (0.001) (0.002) (0.002) (0.002) (0.005) (0.005)

T*d(peerVA) 0.001 -0.003 -0.008 -0.011 -0.007 -0.006 -0.008 -0.001 -0.001 -0.024
(0.020) (0.019) (0.020) (0.027) (0.020) (0.048) (0.047) (0.064) (0.064) (0.070)

TM*d(peerVA) -0.003 -0.005 -0.005 -0.005 -0.004 0.002 0.001 0.002 0.002 -0.003
(0.010) (0.009) (0.010) (0.014) (0.010) (0.019) (0.018) (0.022) (0.022) (0.024)

d(num peers) -0.018*** -0.009*** -0.009*** -0.010*** -0.009***
(0.001) (0.001) (0.001) (0.001) (0.001)

d(avg. lagged math) 0.002 0.002 0.001 0.002 0.004 0.006 0.006 0.011
(0.004) (0.004) (0.006) (0.004) (0.007) (0.009) (0.009) (0.009)

d(avg. lagged reading) 0.005 0.005 0.006 0.005 0.004 0.005 0.005 -0.003
(0.004) (0.004) (0.007) (0.004) (0.008) (0.009) (0.009) (0.009)

d(frac nonwhite) -0.006 -0.007 0.018 -0.005 -0.013 -0.014 -0.014 -0.017
(0.007) (0.008) (0.011) (0.008) (0.013) (0.015) (0.015) (0.015)

d(log num studs) -0.149*** -0.150*** -0.143*** -0.149*** -0.116*** -0.117*** -0.117*** -0.114***
(0.004) (0.004) (0.006) (0.004) (0.007) (0.009) (0.009) (0.009)

Constant 0.001** 0.001*** -0.001 0.001*** 0.001*** 0.002** 0.003** 0.001 0.001 0.002***
(0.001) (0.000) (0.001) (0.000) (0.000) (0.001) (0.001) (0.003) (0.003) (0.000)

Observations 85,116 85,116 85,015 85,116 85,116 27,142 27,142 27,124 27,124 27,142
R-squared 0.015 0.042 0.075 0.237 0.067 0.000 0.012 0.105 0.105 0.103
school-grade effects no no no no yes no no no no yes
school-year effects no no no yes no no no no yes no
principal effects no no yes no no no no yes no no
expanding/contracting
schools included? yes yes yes yes yes no no no no no

Note: Standard errors in parentheses are clustered at the school level. Regressions weighted by average class size. Dependent variable in each column
is the change in relative number of nonwhite students in the class, defined as number of nonwhite students in the class divided by all nonwhite
students in the school-grade-year. Independent variable of interest is the unweighted difference in shrunken VA between newcomers and leavers, and
its interactions with assignment practice dummies (whether the school is tracking-only (T) or tracking & matching (TM); reference group is random
(R) schools). Kane and Staiger (2008) shrinkage applied.
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Table B.9: The Effects of a Change in Peer Value-Added on the Change in Prior Math Achievement in Own Classroom - by
classroom assignment policy

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES d(prior math) d(prior math) d(prior math) d(prior math) d(prior math) d(prior math) d(prior math) d(prior math) d(prior math) d(prior math)

d(peer VA) 0.006 -0.021** -0.022* -0.026 -0.018 0.010 -0.006 -0.011 -0.011 0.005
(0.018) (0.010) (0.011) (0.016) (0.011) (0.033) (0.019) (0.023) (0.023) (0.024)

T 0.004 0.005* -0.003 -0.003 0.005 0.010 0.010
(0.004) (0.003) (0.006) (0.008) (0.005) (0.014) (0.014)

TM 0.004* 0.005*** 0.001 -0.004 0.002 0.001 0.001
(0.002) (0.001) (0.004) (0.004) (0.002) (0.008) (0.008)

T*d(peerVA) 0.002 -0.001 -0.002 0.012 -0.008 0.010 -0.017 -0.050 -0.050 -0.092
(0.050) (0.036) (0.039) (0.060) (0.038) (0.096) (0.070) (0.090) (0.090) (0.092)

TM*d(peerVA) -0.059** -0.048*** -0.051*** -0.053** -0.055*** -0.035 -0.057* -0.049 -0.049 -0.100***
(0.026) (0.016) (0.017) (0.025) (0.017) (0.047) (0.030) (0.035) (0.035) (0.036)

d(num peers) 0.000 -0.002* -0.002** -0.001 -0.002*
(0.001) (0.001) (0.001) (0.002) (0.001)

d(avg. lagged math) 0.958*** 0.959*** 0.965*** 0.958*** 0.965*** 0.964*** 0.964*** 0.968***
(0.006) (0.006) (0.009) (0.006) (0.009) (0.011) (0.011) (0.011)

d(avg. lagged reading) -0.035*** -0.037*** -0.040*** -0.036*** -0.041*** -0.046*** -0.046*** -0.047***
(0.007) (0.007) (0.010) (0.007) (0.010) (0.012) (0.012) (0.012)

d(frac nonwhite) 0.031** 0.032** 0.002 0.034** 0.016 0.020 0.020 0.011
(0.014) (0.015) (0.021) (0.014) (0.022) (0.026) (0.026) (0.026)

d(log num studs) 0.037*** 0.040*** 0.023*** 0.038*** 0.033*** 0.035*** 0.035*** 0.031***
(0.005) (0.006) (0.008) (0.006) (0.009) (0.010) (0.010) (0.011)

Constant -0.002 0.002** 0.004** 0.005*** 0.004*** 0.006** 0.004*** 0.005 0.005 0.006***
(0.001) (0.001) (0.002) (0.000) (0.000) (0.003) (0.001) (0.004) (0.004) (0.000)

Observations 86,745 86,745 86,644 86,745 86,745 27,887 27,887 27,869 27,869 27,887
R-squared 0.000 0.300 0.317 0.399 0.313 0.000 0.334 0.386 0.386 0.387
school-grade effects no no no no yes no no no no yes
school-year effects no no no yes no no no no yes no
principal effects no no yes no no no no yes no no
expanding/contracting
schools included? yes yes yes yes yes no no no no no

Note: Standard errors in parentheses are clustered at the school level. Regressions weighted by average class size. Dependent variable in each column
is the change in the classroom average of prior math scores. Independent variable of interest is the unweighted difference in shrunken VA between
newcomers and leavers, and its interactions with assignment practice dummies (whether the school is tracking-only (T) or tracking & matching (TM);
reference group is random (R) schools). Kane and Staiger (2008) shrinkage applied.
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Table B.10: The Effects of a Change in Peer Value-Added on the Change in Prior Reading Achievement in Own Classroom -
by classroom assignment policy

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
VARIABLES d(prior reading) d(prior reading) d(prior reading) d(prior reading) d(prior reading) d(prior reading) d(prior reading) d(prior reading) d(prior reading) d(prior reading)

d(peer VA) -0.001 -0.007 -0.010 -0.020 -0.006 0.021 -0.001 -0.009 -0.009 -0.003
(0.017) (0.011) (0.012) (0.017) (0.012) (0.031) (0.020) (0.024) (0.024) (0.024)

T 0.004 0.004 -0.002 0.004 0.005 0.002 0.002
(0.004) (0.003) (0.006) (0.007) (0.005) (0.015) (0.015)

TM 0.003 0.004*** 0.002 -0.002 0.004* 0.000 0.000
(0.002) (0.001) (0.004) (0.003) (0.002) (0.007) (0.007)

T*d(peerVA) -0.024 -0.018 -0.015 0.001 -0.020 -0.037 -0.010 -0.016 -0.016 -0.017
(0.048) (0.033) (0.036) (0.055) (0.036) (0.091) (0.075) (0.095) (0.095) (0.099)

TM*d(peerVA) -0.050** -0.053*** -0.052*** -0.054** -0.055*** -0.044 -0.046 -0.031 -0.031 -0.062*
(0.024) (0.016) (0.017) (0.025) (0.017) (0.044) (0.030) (0.035) (0.035) (0.036)

d(num peers) -0.000 -0.002* -0.002* -0.001 -0.002*
(0.001) (0.001) (0.001) (0.002) (0.001)

d(avg. lagged math) -0.026*** -0.026*** -0.019** -0.027*** -0.024** -0.031*** -0.031*** -0.024**
(0.006) (0.006) (0.009) (0.006) (0.009) (0.011) (0.011) (0.011)

d(avg. lagged reading) 0.949*** 0.945*** 0.941*** 0.948*** 0.947*** 0.948*** 0.948*** 0.944***
(0.006) (0.007) (0.010) (0.007) (0.010) (0.012) (0.012) (0.012)

d(frac nonwhite) 0.013 0.013 -0.018 0.013 -0.002 -0.000 -0.000 -0.019
(0.013) (0.014) (0.020) (0.014) (0.021) (0.025) (0.025) (0.025)

d(log num studs) 0.031*** 0.034*** 0.021** 0.032*** 0.026*** 0.029*** 0.029*** 0.026**
(0.005) (0.006) (0.008) (0.006) (0.009) (0.011) (0.011) (0.011)

Constant -0.002* 0.001* 0.003 0.004*** 0.004*** 0.004 0.002 0.004 0.004 0.004***
(0.001) (0.001) (0.002) (0.000) (0.000) (0.002) (0.001) (0.004) (0.004) (0.000)

Observations 86,745 86,745 86,644 86,745 86,745 27,887 27,887 27,869 27,869 27,887
R-squared 0.000 0.256 0.273 0.361 0.270 0.000 0.288 0.341 0.341 0.345
school-grade effects no no no no yes no no no no yes
school-year effects no no no yes no no no no yes no
principal effects no no yes no no no no yes no no
expanding/contracting
schools included? yes yes yes yes yes no no no no no

Note: Standard errors in parentheses are clustered at the school level. Regressions weighted by average class size. Dependent variable in each column
is the change in the classroom average of prior reading scores. Independent variable of interest is the unweighted difference in shrunken VA between
newcomers and leavers, and its interactions with assignment practice dummies (whether the school is tracking-only (T) or tracking & matching (TM);
reference group is random (R) schools). Kane and Staiger (2008) shrinkage applied.
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Figures
Figure 3.1: Histogram of changes in own- and peer value-added

Panel A: Change in avg. residuals
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0
2

4
6

8
1
0

D
e
n
s
it
y

−1 −.5 0 .5 1

random tracking& matching

Change in peer VA is unweighted difference in VA of newcomers and leavers.
Zeros (=no switches) in R: 5331 out of 12889, zeros (=no switches) in TM: 4770 out of 14226

Histogram of change in peer value−added

Notes: Panel A plots the histogram of the change in average classroom residuals from student-level OLS
VAM specification. Panel B plots the histogram of the unweighted difference in shrunken VA between
newcomers and leavers. Kane and Staiger (2008) shrinkage applied. Spike around 0 in Panel B is due to
school-grade-years where there was no change in the teacher body.
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Figure 3.2: Relationship between changes in own- and peer value-added

Panel A: All schools
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Panel B: By classroom assignment policy

slope(R)=.045 (.028)
slope(TM)=.085 (.041)
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Note: Binned scatter graphs relating the change in average classroom residuals from student-level OLS VAM
specification (vertical axis) and the unweighted difference in shrunken VA between newcomers and leavers
(horizontal axis). Kane and Staiger (2008) shrinkage applied. Variables are residualized before plotting bythe
change in school-grade-year average prior math and reading achievement, change in the fraction of nonwhite
students in the school-grade-year cell, change in the log number of students at the school-grade-year cell,
and principal effects. Only school-grade-year cells with a constant number of teachers are included in the
sample.
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Figure 3.3: Relationship between changes in own- and peer value-added

Panel A: All schools
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Panel B: By classroom assignment policy

slope(R)=.056 (.03)
slope(TM)=.088 (.044)
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Note: Binned scatter graphs relating the change in average classroom residuals from student-level OLS VAM
specification (vertical axis) and the unweighted difference in shrunken VA between newcomers and leavers
(horizontal axis). Chetty et al. (2014a) shrinkage applied. Variables are residualized before plotting by the
change in school-grade-year average prior math and reading achievement, change in the fraction of nonwhite
students in the school-grade-year cell, change in the log number of students at the school-grade-year cell,
and principal effects. Only school-grade-year cells with a constant number of teachers are included in the
sample.
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