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Abstract

This paper proposes a novel methodology for estimating teacher value-added in the
presence of non-random teacher-student sorting and the absence of annual standardized
student test scores. Rather than relying on lagged student test scores to control for
nonrandom teacher-student sorting on student ability, I exploit within-student across-
subject variation in test scores and teacher “networks”—teachers in the same subject
who teach groups of students observed with a unique teacher in another subject. The
resulting estimates closely recover the true parameters of teacher value-added in Monte
Carlo simulations and align well with estimates from standard methodologies in New
York City data where lagged test scores are available. The methodology substantially
expands the research on teacher value-added, as the majority of educational settings
do not rely on standardized testing in consecutive grade levels. I apply the method
to French middle school teachers and find that a 1 SD increase in teacher value-added
within school improves student scores by 0.10 SD in Math and 0.07 SD in French. I show
that using a “hybrid” methodology—which augments the network estimator to control
for lagged scores— in settings where lagged scores are available can outperform standard
methods under specific sorting patterns by accounting for sorting on time-varying student

unobservables.
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1 Introduction

Teacher value-added (hereafter TVA)—the causal effect of a teacher on their students’ test
scores—has been widely recognized as a key determinant of both academic performance
(Rockoff, 2004, Kane & Staiger, 2008, Chetty et al., 2014a) and long-term socioeconomic
outcomes, such as college attendance and earnings (Chetty, Friedman, & Rockoff, 2014b).
TVA has thus become central to education research and policymaking, with several U.S.
states incorporating TVA estimates into teacher evaluation and compensation systems. This
has spurred an extensive literature on TVA estimation, both to assess its validity for policy

decisions' and to explore broader questions about teacher effectiveness.?

Yet, TVA estimation has remained a largely U.S.-centric debate, as existing methods rely on
annual standardized testing, a feature uncommon in most education systems. In the U.S.,
middle school students take standardized exams every year, allowing researchers to control
for unobservable student traits—such as ability or motivation—using prior test scores. This
is crucial when teacher-student assignment is nonrandom—for instance, if better teachers
are systematically sorted with better students. Without lagged scores, TVA estimates may
be subject to omitted variable bias. Outside of the U.S., standardized testing is far less
frequent. For example, Denmark is the only European country to administer annual middle
school exams, while most countries test students only at key educational stages. This pattern
limits the applicability of existing TVA methods and underscores the need for approaches

that do not rely on consecutive test scores.

This paper develops a methodology for estimating plausibly unbiased TVA in settings where
students do not sit standardized tests yearly. Instead of relying on lagged test scores to
control for student ability, I exploit within-student, across-subject variation and “networks”
of teachers—teachers in the same subject who teach sets of students observed with a unique
teacher in another subject. The method can yield TVA estimates which compare teachers
within-school due to transitivity: comparisons can be made between teachers who are not
directly connected through shared students, as long as they are linked through intermediary
teachers. Exploiting teacher mobility across schools, it can also yield TVA estimates which
compare teachers across schools. In schools with complete networks, I propose to measure the
TVA of Math teachers using within-Literature teacher variation, relying on the Literature
score of a student as control of the student’s overall ability level—or the ability that is
common between the two subjects. This network method yields unbiased TVA estimates as
long as students are sorted to teachers based on their overall ability, rather than subject-
specific differences in ability: in other words, how much better they are in Math than in

Literature.

!See, for instance, Rothstein (2010), Hanushek (2011), Kane, McCaffrey, Miller, and Staiger (2013), Bacher-
Hicks, Kane, and Staiger (2014), Jackson (2018), Kraft (2019), Bau and Das (2020).
?E.g. Hoxby and Leigh (2004), Jackson and Bruegmann (2009), Jackson (2013), Biasi (2021), among others.



Finally, for settings similar to the U.S. where lagged test scores are available, I also introduce
a “hybrid” methodology, which incorporates lagged scores into the network estimator. The
latter has an advantage over the network method as it does not assume a lack of sorting
on subject-specific ability. It also has an advantage over standard methods, as it allows to

control for time-varying student unobservables which may be correlated with teacher sorting.

I demonstrate that both the network and hybrid methods perform well in identifying the
true teacher effect parameters in Monte Carlo simulations, in terms of the standard deviation
of the effect, the mean squared error, the rank correlations, and the statistical relationship
between the estimates and the true parameters. For the network method, this is the case
if the identification assumption is satisfied—under no sorting on the difference between the
lagged Math and Literature test scores of students. In addition, I use plausible simulations
of teacher-student sorting driven by changes in student unobservables over time—such as
students who become more motivated are assigned to better teachers—to show that the
network and hybrid estimators are unbiased in such scenarios, while the TVA estimator

commonly used in the literature (Kane & Staiger, 2008) is biased.

I then apply the method to observational data, using exhaustive administrative data from
both New York City and France.®> The use of New York City data has several important
advantages for validating the network and hybrid methods. Because of the fact that students
in New York City sit exams after every middle school year, I can apply all three methods—the
network, hybrid and standard methods—to the data. This allows to assess the performance
of the network and hybrid methods compared to the standard estimators in the field. I show
that the estimators perform similarly to the standard TVA estimator (Kane & Staiger, 2008),
based on the estimated standard deviation of the teacher effect, the rank correlations, squared
differences, and statistical relationships with the standard TVA estimates. In addition,
the availability of lagged test scores allows me to confirm the validity of the identification
assumption of the network estimator in realized data. Specifically, I show that while teacher-
student sorting on the average lagged test scores in Math and Reading is somewhat common
(occurring systematically in about 10% of schools), sorting of Math teachers on the difference
between Math and Reading scores, which proxies for a student’s Math-specific ability, is very

rare (occurring systematically in only 2% of schools).

Equipped with this validation of the network method, I provide novel evidence of the TVA
distribution in France—an example of a setting where lagged test scores are not available—
using French middle school teachers in Math and French. In France, more than 90% of
teachers belong to a complete school network, making the estimates representative of the
average teacher effect. Specifically, I show that a 1 standard deviation increase in TVA

within a school improves student scores by 0.10 SD in Math and 0.07 SD in French. These

3Note that I use the subject “Literature” interchangeably with “Reading” and “French”, in order to put the

two subjects under the same general umbrella.



implied teacher effects are lower than the ones identified for the U.S. (Chetty et al., 2014a).
These results highlight substantial variation in teacher effects across countries and suggest a

potential discussion on the teacher practices that may be driving these differences.

This paper contributes to the extensive literature on parametric TVA estimation in three key
ways.? First, I extend existing TVA methodologies (Rockoff, 2004, Kane & Staiger, 2008,
Chetty et al., 2014a) by proposing a new method that does not rely on and can therefore
generalize unbiased estimation of TVA to other countries than the U.S. I demonstrate that
the network estimator can generate unbiased TVA estimates that closely match the true
teacher parameters using cross-sectional test score data, rather than requiring panel data.
This significantly broadens the applicability of TVA research to many countries with reliable
administrative data, particularly in Europe and South America, where panel test score data is
often unavailable. While cross-sectional student test scores across subjects have been widely
used in other contexts—such as studying the effects of instructional time (Lavy, 2015) or
linking teacher credentials and assessment scores to student achievement (Clotfelter, Ladd, &
Vigdor, 2010; Benhenda, 2018)—this the first paper that leverages them for TVA estimation.

Second, the paper contributes to the literature by developing a hybrid estimator that extends
the standard TVA framework in settings with annual standardized testing, such as the U.S.
This approach not only addresses the conventional concerns of nonrandom teacher-student
sorting—by controlling for lagged scores—but also captures previously overlooked forms of
sorting driven by contemporaneous changes in student characteristics. By leveraging both
time-invariant and time-varying student unobservables, this estimator can yield unbiased
TVA estimates in settings in which standard methods would fail due to more complex sorting

on time-varying student characteristics.

Third, this paper provides the first large-scale TVA estimates for France, offering novel
insights into teacher effectiveness in a system where standardized testing is infrequent. By
demonstrating the feasibility of TVA estimation in such contexts, this study can facilitate
research on teacher quality in different countries, and on the pedagogical and institutional
drivers of teaching quality (for instance, Rockoff, 2004, Rivkin, Hanushek, & Kain, 2005,
Staiger, Gordon, & Kane, 2006, Kane, Rockoff, & Staiger, 2008, Rockoff, Jacob, Kane, &
Staiger, 2011, Harris & Sass, 2014, Wiswall, 2013, JP & MA, 2015, Bold et al., 2016, Lavy,
2016, Bietenbeck, Piopiunik, & Wiederhold, 2018, Bau & Das, 2020). The evidence highlights
potential cross-country variation in teacher effects and calls for a discussion on the teaching
practices that may explain these differences. These findings contribute to the broader debate
on how teacher effectiveness varies across educational systems and inform policies on teacher

evaluation and professional development beyond U.S.-centric frameworks.

“More recently, there has also been growing interest in non-parametric TVA estimation (Gilraine, Gu, &
McMillan, 2023).



The paper proceeds as follows. Section 2 discusses the statistical model and assumptions
necessary to derive the network estimator and shows how to estimate it in the data. Section
3 compares the performance of the network, hybrid and traditional methods to the true
teacher quality parameters in simulated data. Section 4 gives an overview of the New York
City and French data used for the empirical test of the method. Section 5 focuses on the
empirical results, starting from comprehensive tests of non-random sorting and finishing with

the variation of TVA measured in both settings. Finally, Section 6 concludes.

2 Statistical model

In this section, I propose a simple framework of student test scores and teacher value-added.
For simplicity of exposition, I assume there is only one period. I discuss the modifications

to the framework when multiple time periods are introduced in Appendix A.1.

2.1 Notation and setup

Students Let the set of students be denoted N, with a representative student i. Each
student ¢ is allocated to a school s from the set of all schools §. Student ¢ attends courses on
Math and Literature, z € {M, L}, during the school year and passes standardized exams in
both subjects at the end of the school year. Student ¢ is endowed with certain idiosyncratic
qualities for passing the exams - one can think of intrinsic ability, motivation, interest, health,
parental involvement, and many others. For simplicity, I refer to them broadly as “abilities”
and distinguish between two types of abilities: one that is subject-specific, A7, and one that is
common across subjects ;. Finally, i is endowed with a set of observable characteristics which
affect ¢’s performance in the exams, X?, which could be either subject-specific or common
across subjects, such as family characteristics, absences from school, advanced courses taken,
characteristics of class peers and school peers. The student’s performance on the exam also

depends on the class they have been assigned to within the school and the quality of their

teachers.

Classes Let C represent the set of all classes. Let student 7 be sorted to a class ¢(i, z) for
each subject z by the school principal. For the purpose of notation simplicity, assume that
c(i, M) = c(i, L) = ¢(i): the set of students sorted together in Math are also sorted together
in subject Literature. A less restrictive alternative is to define c(i, M, L) as the subgroup of
students that are sorted together in Math and Literature. This definition would be useful
for educational settings in which students are sorted into different peer groups in different

subjects.

Each class experiences idiosyncratic class-specific shocks in each subject, Cj(i), that affect

the performance of students in the respective subject. A simple example of such shock is



that students belonging to class ¢(i) had to take the exam in a noisy environment due to

roadworks close by.

Teachers Each class c(i, t) is assigned a teacher for subject M and a teacher for subject
L. Let J, be the set of teachers in subject z, such that j(z) € J, denote a single teacher j in
subject z. It follows that the set of all teachers is J = Jy U Jr. For notational simplicity,
I denote a representative Math teacher j(M) = m and a representative Literature teacher
jJ(L) = I, respectively. For two subjects M # L, classroom c(i)’s teachers m(c) # I(c).
This setting therefore resembles a middle or high school allocation of teachers to classrooms,

rather than an elementary school allocation.

Each teacher has a specific productivity, or value-added, denoted as j;(,y, which is constant
across classes and years. In Appendix A.1.1 I show the implications for TVA in a setting
with more than one time period, with either an idiosyncratic year-specific shock to TVA or

an experience-based year-specific shock to TVA.

Student exam scores I consider a standard model of student achievement with education
inputs that have additively separable effects. Let student i’s test score in Math, A;kM , be
given by:

A =07 < XM g+ (1)

such that b™ is a vector that represents the impact of observable characteristics Xfw on
student i’s score, ., is the effect of i’s Math teacher m, and VZ-% is an error term. The latter

can be decomposed into:
M M M
vt =N+ G

where A and +} represent the ability components (Math-specific and common across sub-
jects, respectively) measured with some error, and ¢ %) represents the class-specific shock for

i’s class.” The expression for the decomposition of i’s Literature test score is analogous.

We are interested in the unobserved pi,,. The problem is that u,, may be correlated with
the other unobserved components of student ¢’s score A;‘f,\]/[ . The largest source of concern in
the literature has been the potential correlation with the unobserved ability of the student,
the sum of /\ZM and ;. If teachers are allocated to students based on student ability, and one
does not control for student ability, estimates of TVA would be biased. Traditional methods
for estimating TVA use lagged test scores in standardized exams from the previous academic
year to proxy for ability (e.g. Rockoff, 2004, Kane & Staiger, 2008, Chetty et al., 2014a,

among others).

5This is to reflect the fact that student i’s performance may not reflect their ability fully due to specific factors

on the day of the exam, such as having fever.



In the absence of previous test scores, one can use the contemporaneous scores from the
standardized exam in Literature to control for the ability component +; which is common
across subjects. Such a within-student across-subject method is equivalent to taking the first

difference of equation 1 across subjects M and L. Denoting AAML = AxM — AxL.

AAPME = (M 5 X b5 ) XE) 4 (g — ) + 0 — ) (2)

(2

where

vt — vl = M =N+ (- )

i i (i

The challenge for obtaining unbiased estimates using equation 2 is that the difference in error

terms (vM — vF) may be correlated with g, and py.

ASSUMPTION 1 (Zero conditional mean of the error term) The difference in
error terms (VM — vl) has a mean of zero conditional on the teacher effects {pm yme,, and

{u}ies, and the observable student characteristics X7. This constitutes:
(a) E [)\ﬂ,u,m,,ul, XM, Xﬂ =0, Vi, V2{M, L}, Vm € {Jy}, and VI € {J;.}

(b) E [ s 1, X, XE| =0, ve(i), ¥2{M, L}, Vim € Ty, and VL € T

In other words, what Assumption 1(a) requires is that there is no difference in subject-
specific ability, conditional on the baseline TVA of the two teachers who teach student ¢ and
observables. More specifically, it must not be the case that teacher m or teacher [ is sorted
to students who are on average better (or worse) in Math than in Literature. Testing and

accounting for such sorting is key for obtaining unbiased estimates.

Assumption 1(b) requires that there is no difference in the class-level noise, conditional on
the baseline TVA of the two teachers who teach class ¢(i) and observables. Using the example
of the noisy environment in which a class has to take the exam, the assumption would be
violated if classrooms that draw negative shocks (e.g. are in a noisy environment due to
construction) are sorted to the less (or more) experienced teachers, which is an unlikely

event.0

An additional assumption is necessary on the behavior of the difference in the error terms

(similarly to most prior studies on TVA).

ASSUMPTION 2 (Random sampling) The difference in error terms (v} — vl) is
i.i.d. conditional on the teacher effects {pim }mes,, and {pi}ties, and the observable student

characteristics X7.

SNote that the statistical model on the determinants of student test scores follows the literature, in that it
does not assume any spillover effects of teachers—Math teachers do not influence Literature scores and vice

versa. Appendix A.5 discusses the implications of potential spillover effects for the identification of TVA.



Finally, under satisfied Assumptions 1 and 2, the remaining issue with estimating equation 2
is dimensionality. As every student ¢ in class ¢, Vi, Ve € {C'}, shares the same Math and Lit-
erature teachers as their classmates, the teacher effects are identified only through variation
in test scores across classes. Consequently, if each teacher is assigned to only one class—
resulting in C' number of Math teachers and C' number of Literature teachers—the total
number of teacher effects to estimate, 2 x C, would exceed the number of classes, leading to

a lack of sufficient variation to estimate the teacher effects reliably.

I show that the dimensionality problem is solved with the use of connected sets of teachers,

which I call networks of teachers.

DEFINITION (Teacher networks): For a subset of classes C" C C, a network of teach-
ers is a subset of teachers J™ C J, for which for each class ¢ € C", there exists at least one

class ¢ € C™ \ {c} such that the teacher for subject z in class ¢ also teaches in class ¢ :
A ec \{c}, jle,2) = j(cl’ z).

In other words, a network of teachers is a group of teachers who are connected through
the classes they teach. This can be a direct connection, where the same teacher teaches
both classes ¢ and ¢/, or an indirect connection—through transitivity. From Assumption 1 it
follows that all teachers in a network have on average students with the same subject-specific

abilities.

To illustrate the network identification, Figure 1 proposes two example of connected sets
within a school. The blue nodes are different Math teachers, whereas the yellow nodes are
Literature teachers. If an edge connects a Math and a Literature teacher, the Math and

Literature teachers teach in the same class at least once.

The set of teachers in subfigure (a) all belong to the same network, as every teacher can be
connected to all other teachers through their classroom observations. For instance, Math
teachers M and M are both observed with the Literature teacher L. Similarly, this is the
case for Math teachers M7 and Mg, who are observed with Literature teacher L4. Teachers
M5 and Mg are not observed with the same Literature teacher, but as they are both connected
to teacher M; through their classroom observations with L; and Ly, respectively, they are

also connected to each other through transitivity.

Note that in this example, the available classroom observations exactly match the number
of total teachers, such that all teacher effects can be estimated. Appendix A.2 includes a
formal proof that the dimensionality problem is solved within a connected set, which allows

for the OLS estimator to be unique and unbiased at finite distance.



(a) Single network (b) Multiple networks

R

m MATH TEACHER\{ 0 MATH TEACHEW

LiT. TEACHER LiT. TEACHER

Figure 1: Example networks of teachers within a school

Note: The figures represent two examples of networks present within a representative school, for a set of Math and
Literature teachers. The sequence of teachers is not specific to a single year. Each node represents a teacher - either
in Math (blue) or in Literature (yellow). Each edge between two teachers signifies that the two teachers share at least

one class.

Alternatively, subfigure (b) shows an example of a school with two distinct networks of teach-
ers. In such a school, there are more teachers than classes available to estimate all teacher
effects within the school. It follows that while teacher effects can be estimated as relative
measures of TVA within each of the two networks (following the proof in Appendix A.2),
comparisons between the two networks within the schools is not possible without an addi-

tional assumption on the relative TVA across the two connected networks.

However, such an assumption may be implausible if there is reason to believe that there is
sorting of teachers to classes across networks. For example, if connected sets span smaller
than the set of teachers within a school, certain networks might include more experienced
teachers, while others might have novice teachers, such that the former might have a higher
likelihood of being placed in front of higher-ability students, or vice versa. Therefore, if the
sorting of teachers to classes is non-random, we expect that there are systematic differences
between teachers in different networks. When comparing teachers across connected sets,
these systematic differences can bias the results, as differences between sets could be driven

by factors unrelated to teacher performance, such as school policies or student demographics.

Certain networks are more natural to compare teachers within than others. Two types of

networks are particularly interesting: the school-level networks and the largest networks.

A school-level network for school s—a connected set that spans the universe of teachers in
school s (similarly to the represented school in Figure 1 (a))—ensures that the network of
teachers in a given school can be compared on the same scale. Within a school-level connected

set, the teachers are subject to the same institutional conditions, meaning that differences



in observed performance are more likely to reflect true differences in teacher value-added.

It follows that the effects of teachers in different schools are not comparable to each other,
as they are only a relative measure of teacher effects within each school, for every school
with a school-level connected set. A within-school comparison of TVA is preferable in cases
where students and teachers are sorted non-randomly across schools, in ways that cannot be

controlled for with observable school characteristics.

Alternatively, the largest network - the connected set that includes the largest number of
teachers from J - uses the mobility of teachers across schools in order to expand the network
of teachers. The largest possible connected set is the universe of teachers itself, J. It follows
that, in this case, within the large network, TVA would be an absolute measure of teacher
quality, as all teachers in the universe of schools can be put on the same distribution of
TVA. However, the plausibility of Assumption 1 would be small if students and teachers
were not randomly sorted across schools. For instance, teachers in wealthier schools may
systematically perform better due to factors unrelated to their individual teaching abilities,
such as better resources or higher-achieving students. Some such factors can be controlled for,
such as lagged student test scores, but if there are reasons to believe that not all differences
in schools can be explained by observables, across-school measures of TVA should be used

with caution.

2.2 Network estimator

Using the outlined identification strategy, we can estimate TVA for the set of teachers be-
longing to a network, such that the networks of interest can either be at the level of the
school for a within-school TVA estimation (in which case teachers are given unique school-
specific identifiers) or at the level of the largest network for an across-school TVA estimation.
Equation 2 can be estimated by OLS as:

AAME = o+ XM+ XPBY + ) LG =m) + Y wl(GL) =D e (3)

meJ legp

where « is an intercept which captures the fact that students might be better in Math than in
Literature ceteris paribus, AAMZ is the difference between student i’s Math and Literature
scores, Xf\/[ and Xf are observable characteristics, which could include both student-level
and class-level characteristics, pu,, are Math teacher fixed effects, p; are Literature teacher

fixed effects, and ¢; is the idiosyncratic error term.

The estimation strategy bases the identification of TVA as Math teacher effects are identified
within the same Literature teacher, and vice versa for Literature fixed effects. Appendix A.3

provides the intuition behind the equivalence.

Teacher fixed effects are added to the regression rather than left in the error term as teacher

quality may be correlated with observable student characteristics. If this is the case and

10



one does not identify the 8s within Math and Literature teachers, estimates of the 8s would
overstate or understate the impact of the Xs because a part of teacher quality is attributed

to them (Chetty et al., 2014a).

To compute the TVA estimates for Math teachers, I take the residual from the regression 3
that purges the effect of the Literature teacher effects” and observed covariates from AA;*M L

and denote it gf‘/l L according to equation 2:
AME = i + &
As teachers are often observed to teach for only a few years and tend to teach few class-
rooms per year, a common problem with school data is that while unbiased, the estimators
Iim 1s likely noisy, and especially so for teachers with less experience. To deal with this
issue, I shrink TVA estimates using an Empirical Bayes shrinkage method adapted from the
literature. The Empirical Bayes estimator weights each teacher observation by its precision
to obtain a precision-weighted average of teacher effects, and then weights each teacher’s

teacher effect by an estimate of the effect’s reliability (the signal-to-noise ratio).

Specifically, using the teacher-year-average residuals for each m teacher A\mt, I form a
weighted-average residual Xm per teacher m, which is the minimum variance unbiased esti-
mate of u,, for each teacher:

1

and hmt - N —
Var(Amelpim)

—~ —~ hont
A, = g Wit Ame Where wp; = —=———
P Zt B

Finally, using Em I construct an empirical Bayes estimator for each teacher’s TVA by mul-

tiplying this weighted average residual by an estimate of its reliability (the signal-to-noise

ratio):
VA, - A %
m = Am 0-2—|-1/Zthmt
where O’Z is the variance of the Math teacher effect.

To estimate 03, I first compute the covariance between the teacher’s yearly residual in two
randomly selected years, weighted by the number of students in each year, similarly to Kane
and Staiger (2008) and Chetty et al. (2014a):

~

Cov(Apmy, A\mt/)

Then, to account for any remaining variance of the link teacher in the residual, I also compute

the covariance between the link teacher’s yearly residual in the same way:

012 = C’ov(glt, glt/)

"Note that we do not need to include the estimated Literature teacher effects in this residual, as by definition

they are orthogonal to the Math teacher effects.

11



Finally, I compute the variance of the fixed teacher component as:

O'Z = Cov(Amt, Ampr) — O‘l2

In Appendix A.4, I outline the full Empirical Bayes shrinkage method used and show how I
compute the variances for each component of the residual in a setting which does not assume

zero year-specific teacher noise.

Note that as the resulting estimates are shrunk towards zero, the Bayesian Shrinkage esti-
mator is no longer an unbiased predictor of the TVA of teacher m. However, it is forecast
unbiased - it is the best predictor of future performance of m, as it has higher accuracy due

to reduced mean squared error (for proof, see Appendix A.4.1).

2.3 Hybrid method

The network method’s advantage of controlling for unobserved factors at time ¢ may be
beneficial even in settings where controlling for lagged test scores is possible, as is the case
in the United States. In particular, combining the network and traditional methods into a
“hybrid” method would allow to control for time-varying unobserved student characteristics

which may be important for the way teachers are sorted to students.

To see this, let us now assume that student ability varies over time, and we can proxy for
the unobserved ability of student i at time ¢, aj; = A}, + 75 using past test scores, A5
This is possible under the implicit assumptions that, (1) ability is an autoregressive process

of the type:

ay = ¢ag_1 + €
with €}, being a random noise, and (2) test scores of 4 in year t — 1, A;‘j_l, are a good proxy
for a7, _, and therefore for aj,.

If this is the case, Assumptions 1 and 2 derived in the previous sections cease to be necessary.
We can estimate the TVA of Math teachers following the existing literature under standard

assumptions for unbiasedness, starting from the OLS regression:

;‘kt:a+XzAt4 M Z pmL(G(M) =m) + ey (4)

meJyy

where X2 contains A3} | (and could also include AL ). Similarly to before, we can use

the residual:

~

Ajt = i, + Eit

to derive the Empirical Bayes estimator of TVA as before. Under the statistical model

specified in equation 1, this estimator would be forecast unbiased.

12



Let us now modify one of these implicit assumptions. Specifically, assume instead that
ag = Pag_y + Amy

such that m;; is no longer random noise, but is instead a change in circumstances of ¢ between
periods t and t — 1. For the sake of example, let us think of 7;; as the level of motivation of

7 at time t.

Let us now imagine that students are (re-)sorted to classrooms and teachers yearly based
their ability a7,, which now takes into account the level of motivation they promise at the
start of each school year t, 7. If this is the case, the estimator obtained using equation 4

will now be biased, because it fails to control for ;.

Instead, a hybrid method - a method that uses the network identification but also controls for
lagged scores, would be able to control for the sorting and obtain forecast unbiased estimates.
This is because by taking the difference in contemporaneous scores AXM — A*E| 7 would

cancel out, similarly to the common ability component.

Specifically, we can modify equation 3 to include lagged scores:

AAME =a + AM_ M + AE_ 4P+ XM 4+ XEBE

+ 3 (M) =m) + Y (L) = 1) + e
meJy; legy

The same Empirical Bayes shrinkage can be applied in this case.

Advantages compared to the network method The hybrid method has an obvious
advantage over the network method, because being able to control for lagged scores ensures
that Assumption 1 is no longer needed for unbiasedness, as we can plausibly control for

subject-specific ability.

Advantages compared to the literature The hybrid method’s advantage over tradi-

tional methods is that it allows to control for student 7 x time ¢ variation.

Note that a more complex process of a7, which takes into account subject-specific motivation
w7, would still lead to bias in case of sorting of students to teachers based on 77, as the latter

would require to control for information at the student ¢ x time ¢ x subject z level.

3 Comparative performance in simulated data

I use Monte Carlo simulations to compare the finite-sample performance of the Kane and
Staiger (2008) (hereafter KS) method estimator, the network method estimator and the hy-
brid method estimator relative to a benchmark distribution of TVA (infeasible in practice),

which is the true distribution of teacher quality. I focus on estimating within-school TVA
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distributions of Math teachers for 1,000 simulated schools with the average school charac-

teristics in my sample of schools (details on this setup in Appendix B.1).

The data-generating process follows the statistical model of student scores described in Sec-
tion 2: student test scores are a linear function of student ability (common and subject-

8 The choice of parameters is

specific), teacher quality, classroom noise, and student noise.
guided by the findings of Chetty et al. (2014a) and additional necessary assumptions regard-
ing the shares of common ability, subject-specific ability, and student noise in the student
variance, as well as the persistence of abilities over time (detailed breakdown provided in

Appendix B.2).

I consider the performance of these estimators based on (i) scatterplots between estimates
and true TVA, (ii) rank correlations of estimates and true TVA, (iii) mean squared error
(MSE) of the estimates and true TVA, and (iv) the estimated SD of TVA.

To produce the scatter plots with the true TVA parameters, I use the pre-shrinkage estimates
Xm of each method, as by definition the shrunk estimates introduce bias, to determine how
closely they fit the 45-degree line. I also include the coeflicients obtained from a regression
between the two estimates. These graphs illustrate by construction the unbiasedness of the

estimates under the satisfied identification assumptions.

To produce the rank correlations, as more unreliable estimates would be shrunk more, thus
changing the ranking of teachers within a school, I use the pre-shrinkage estimates to deter-
mine the rank of a teacher within their school. I then compute school-specific rank correla-

tions of the estimates and the true TVA parameters.

To compare the MSE produced by each method, I take instead the shrunk estimates mm
which are forecast unbiased and thus have the highest accuracy for predicting individual-level
TVA. I compute MSEs for each teacher and take the average MSE per school, comparing
the distribution of MSEs across methods.

2
I

as the predictor of the true variation in TVA (as done in Kane & Staiger, 2008 and Chetty
et al., 2014a).

To compare the SD of TVA predicted by each method, I take the estimated covariance o

I do these tests under four scenarios of sorting between teachers and students. First, random
sorting of students to classrooms and random assignment of teachers to classrooms. Second,
sorting of students to classrooms based on their lagged average score in Math and Literature,
and positive assignment of Math teachers to classrooms. Third, sorting of students to class-
rooms based on their lagged Math scores, and positive assignment of Math and Literature

teachers to classrooms. Fourth, sorting of students to classrooms based on the change in

8For simplicity, I assume observable characteristics (other than lagged scores) are already residualized from

student scores.
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their unobserved factors (e.g. motivation, ability, or studiousness), and positive assignment
of Math teachers to classrooms. The four cases of sorting are chosen as illustrative of the

power and weaknesses of the network and hybrid estimators compared to the KS estimator.

The case of random sorting Figure 3 plots the relationship between each estimate A\m
and the true TVA parameters p,, within school for the case of random sorting, dividing
the TVA parameters into 100 equal-sized groups and plotting the mean value of Em in each
bin. The regression coefficient and standard error reported are estimated on the micro-data
rather than the binned averages, controlling for school fixed effects, with standard errors
clustered at the school level. The fit is almost perfect for all three estimators, such that the

regression coeflicient is not statistically different than 1.

(a) Network TVA (b) KS TVA (c) Hybrid TVA

5-Coefficient = 1.012
(0.007)

o

|Coefficient = 1.012 5-Coefficient = 1.006
(0.008) (0.006)

Hybrid TVA estimates
1)

Network TVA estimates
o
KS TVA estimates

True TVA parameters True TVA parameters True TVA parameters

Figure 3: Relationship between estimates of TVA and true TVA parameters

Note: The figures are based on the analysis where sorting of teachers to students is random. Each binscatter
represents the relationship between the TVA estimates (on the y-axis) and the true TVA parameters (on the
x-axis) within school, such that Panel (a) reports the results for the Network estimator, Panel (b) reports the
results for the KS estimator, and Panel (c) reports the results for the Hybrid estimator. The TVA parameters
are divided into 100 equal-sized groups and each dot represents the mean value of A, in each bin. The red
line is the 45-degree line. The gray boxes in each panel reports the regression coefficient and standard error
from a regression of A, on 1m, controlling for school fixed effects, rather than the binned averages. Standard

errors are clustered at the school level.

All three distributions of school-specific Spearman correlation with the true TVA parameters
are statistically similar according to the confidence intervals reporting the 10th and 90th
percentile in the distributions (Figure 5 Panel (a)). The KS estimator has a slight advantage,
with the highest median correlation (0.88), followed by the hybrid (0.86) and the network
(0.81). Similarly, all three distributions of school-specific MSEs are insignificantly different
from each other (Figure 5 Panel (b)). The KS estimator has the smallest median MSE
(0.0025), followed closely by the hybrid (0.003) and the network estimators (0.0039). Finally,
all three estimators predict the SD of the true TVA distribution very closely (Figure 5 Panel
(c)). In particular, for a 0.1331 true SD of TVA, the KS has the closest predicted variation
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of 0.1353, followed by the network (0.1298) and hybrid (0.1291) methods. The empirical
distributions of the estimators are slightly less dispersed than the true TVA distribution.

(a) Spearman correlations (b) MSEs (c) SDs
5- Median Correlation 300+ Median MSE 31 SD of TVA
Network = 0.81 Network = 0.0039 Network = 0.1298
47 (0.55,0.95) (0.0016,0.0077) KS =0.1353
KS =0.88 | KS =0.0025 | Hybrid = 0.1291
o (0.67,0.98) 200 (0.0011,0.0049) 2 True = 0.1331
Hybrid = 0.86 Hybrid = 0.0030
(0.60,0.95) (0.0013,0.0058)
2
100 1
-5 0 5 1 0 .005 01 015 02
Distribution of correlation with true TVA Distribution of MSE relative to true TVA Dlsmbunons of TVA
—— Network TVA' —— KSTVA —— Hybrid TVA —— Network TVA —— KS TVA —— Hybrid TVA —— Network —— KS —— Hybrid True

Figure 5: Predictive power of estimates compared to true TVA

Note: The figures are based on the analysis where sorting of teachers to students is random. Panel (a) depicts
the distribution of Spearman correlations between the Network, Hybrid or KS estimates of TVA and the
true TVA parameters respectively, computed at the school level. The gray box shows the correlation for
the median school for each estimate with the true parameters respectively, and the interval of the 10th and
90th percentile. More weight is given to schools with more students. Panel (b) depicts the distribution of
mean squared errors (MSEs) of the Network, Hybrid or KS estimates of TVA compared to the true TVA
parameters respectively, averaged at the school level. The gray box shows the MSE for the median school
for each estimate with the true parameters respectively, and the interval of the 10th and 90th percentile.
More weight is given to schools with more students. Panel (¢) shows the empirical distributions of the TVA
estimators and the distribution of true TVA. The gray box shows the covariance of yearly teacher residuals
for each method and the SD of true TVA.

The case of sorting on lagged average score In the case of positive sorting on lagged
average scores in Math and Literature, the estimation error increases slightly for all estima-
tors, leading to slightly higher regression coefficients and standard errors for the relationship
with true TVA parameters (Figures B.2). Nevertheless, the relationship is insignificantly dif-
ferent than 1. The distributions of school-level Spearman correlations and MSEs are slightly
more dispersed but not significantly different than the ones in scenario 1 (see Panels (a)
and (b) in Figure B.4). Finally, the distributions of TVA are almost identical to before,
with the KS method’s predicted variation increasing slightly, while the hybrid method’s pre-
dicted variation decreasing slightly. Overall, there are no significant changes in conclusions

compared to the scenario of random sorting.

The case of sorting on the difference between lagged Math and Literature scores

As a reminder, in the case of positive assignment of teachers to students based on the
difference between lagged Math and Literature scores of students, the identification assump-
tion of sorting is broken and the network estimator is biased upwards. On the other hand,

the hybrid and KS estimators still converge to the true TVA parameters. The bias of the

16



network estimator is shown in Figures B.6: the regression coefficient is now significantly
higher than 1 and, as seen in the scatterplot in Panel (a) as well, the network estimates are
on average larger compared to the true TVA for estimates above 0 and smaller for estimates
below 0. The larger error is also shown in the distribution of MSEs (Figure B.8 Panel (b))
and the increase in the estimated variation of TVA (Figure B.8 Panel (c)), which for the
network estimator now increases to 0.3409. The trade-off of the introduced positive bias is
that the more dispersed distribution of TVA makes it easier to rank teachers correctly, thus

increasing the median Spearman correlation above both the hybrid and KS (0.95).

The case of sorting on changes in ability As a reminder, in cases of sorting on the
change in unobserved student factors between ¢t — 1 and ¢, the KS estimator is biased. On the
other hand, the network and hybrid estimators still converge to the true TVA parameters.
It follows that there are virtually no changes to the binscatters (Figure B.6) and the distri-
butions of Spearman correlations, MSEs and TVA for the network and hybrid methods (see
Figure B.12). For the KS method, the regression coefficient is now significantly higher than
1 and, as seen in the scatterplot in Panel (b) as well, the network estimates are on average

larger compared to the true TVA for estimates above 0 and smaller for estimates below 0.

For the KS estimator, the median MSE increases significantly, which drives the estimated
SD of TVA to increase significantly, too (0.264). The introduced positive bias increases the

median Spearman correlation significantly, similarly to the previous case (0.98).

Discussion on alternative cases Note that the identification assumption is not broken if
students are sorted non-randomly to their classrooms but teachers are randomly assigned to
classrooms. It is also not broken if the link (Literature) teachers are assigned non-randomly
to students but Math teachers are randomly assigned, given the assumption of no spillover

effects.

In cases where both Math and Literature teachers are assigned non-randomly, conclusions
about bias would follow directly the conclusions outlined above, where only the Math teacher
is assigned non-randomly. However, the more extreme this type of sorting is, the smaller the
probability of observing complete networks, as Math and Literature teachers are observed

with fewer and less diverse counterparts.

Finally, negative assignment - such that better teachers are assigned to lower-performing
students - is another possibility. Note that the conclusions about bias would follow directly
those outlined above, but the sign of the bias would be negative. In cases that lead to
biased estimators, negative sorting would lead to a smaller estimated variation of TVA than
the true, making it harder to predict TVA correctly, therefore leading to lower Spearman
correlations as well. If, alternatively, sorting on the lagged Math scores is positive for Math

teachers but negative for Literature teachers, the bias in the network estimator is lower.
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Summary of findings Under a satisfied identification assumption, the network and hy-
brid methods perform relatively similarly to the KS method, with moderately larger median
MSEs and moderately smaller Spearman correlation with the true parameters, but not sta-
tistically different. The differences in MSE and Spearman correlation are small enough to

make the network estimator useful in settings without annual standardized testing.

Having said that, if one believes that sorting of students to teachers might be based on student
factors that vary between ¢t —1 and ¢ (as in the example of the last case), the network method
becomes better at identifying unbiased TVA. In such cases, the hybrid method outperforms
both alternatives in terms of MSE and predicted SD of TVA, though the network method

remains a close second.

It follows that the hybrid method is the only method that produces unbiased estimates in
all 4 representative cases of sorting. Therefore, if one is unsure of the type of sorting that
may occur within schools and has lagged test scores available (as is the case in the United

States), the advantage of the hybrid method is important to distinguish.

4 Data

The data in this study draws from two exhaustive administrative datasets with matched and
detailed student-teacher data - the New York City public school data and the French public
school data. I focus exclusively on 8th-graders in New York City data, in order to mirror

the available test score data on 9th-graders in France.

New York City The New York City dataset covers 8th-grade Math and English teachers
and their students between the school years 2003-2004 and 2008-2009.° The dataset has in-
formation on Math and English scores in the 8th grade and all previous grades starting from
elementary school, which I restandardize to mean-zero and a standard deviation of 1 per
subject and year. Tests are administered statewide as required under the No Child Left Be-
hind law. Furthermore, the dataset contains detailed information on ethnicity, gender, age,
limited English proficiency, receipt of free lunch, receipt of special education services, par-
ticipation in honors classes, absences from class, suspensions, foreign nationality, repetition

of grade, and repetition of test.

I drop all students for which either Math or Literature scores (either current or past ones)
are missing, all classrooms that have the same Math and Literature teacher or more than one
teacher in either subject, and all schools that have only one Math/Literature teacher teaching
the 8th grade throughout the sample period (as identification is based on within-school

variation). Following Chetty et al. (2014a), I also exclude students who receive instruction

9T restrict the data post-2003 as identifiers for Math and English teachers stabilize to roughly 85% after 2003,
according to Chetty et al. (2014a).

18



at home, as well as classrooms where more than 25% of students receive special education
services, and classrooms with less than 10 or more than 50 students. I also exclude teachers
linked to more than 200 students in a single grade, as Chetty et al. (2014a) conclude these

are likely to be mislinked to classrooms or teachers.

For both Math and Literature, this leads to about 80% of the sample of schools having com-
plete networks, or about 250 middle schools with a total of 170,000 8th graders'® (with about

75% of teachers being part of a complete network, representing roughly 1000 teachers).!!

France The French dataset covers 9-th grade Math and French teachers and their students
between 2006-2007 and 2020-2021. I focus on Metropolitan France. The dataset has infor-
mation on Math and French scores in the 9th grade, but has no previous score information
per student, as annual standardized testing does not exist.!? I restandardize all test scores

ot mean-zero and a standard deviation of 1 per subject and year.

The tests are administered nationwide as part of the National Brevet Diploma (DNB) nec-
essary to finish middle school. The DNB diploma takes into account both continuous as-
sessment (worth 57%) and standardized assessment (worth 43%). These exams test the
knowledge, skills and culture acquired throughout middle school in Math, French language

and other subjects.

In addition to exam scores, the dataset contains detailed student information on gender, age,
city of birth, receipt of needs-based scholarship, parental or guardian occupation (from which
a socio-economic status category can be deduced) and labor market activity, nationality,

repetition of grade, repetition of test, and option classes chosen.

As for New York City data, I drop all students for which either Math or French scores are
missing, all classrooms that have the same Math and French teacher or more than one teacher
in either subject, and all schools that have only one Math/French teacher teaching the 9th
grade throughout the sample period.

In France, this leads to about 83% of the sample of schools having complete networks,
or about 4900 middle schools!® with a total of 5.2 million 9th graders (with about 90%

of teachers in each subject being part of a complete network, representing roughly 25,000

1ONote that the total number of 8th graders is 335,000. About 58,000 students are dropped as they have not
taken one of the two exams. About 2,000 are dropped because their Math teacher is also their Literature
teacher. About 60,000 are dropped because they are taught by a Math or Literature teacher with only 1

year of experience within a school.
"Further restricting the data to teachers with more years of experience within a school increases the share of

teachers and schools within a complete network, at the expense of having fewer teachers with identifiable

TVA, see Figure 77.
12Starting from the year 2018-2019, standardized tests are also administered to 6th-graders in Math and

French.
130r high schools where the 9th grade is being taught.
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teachers in Math and 27,000 teachers in French).

5 Results

5.1 Tests of sorting

Assumption 1 can be directly tested using observable characteristics, with tests similar to
those proposed by Rothstein (2009). It is, however, first worth discussing the plausibility
of Assumption 1 in different educational settings, and in particular two settings that may

create concerns for the identification.

First, a concern in many settings would be that students may be sorted to schools non-
randomly based on unobserved relative ability which we cannot plausibly control for. Let
school s specialize in teaching Math, such that all Math teachers have high TVA and all
students have high relative Math ability. If the analysis is conducted within school, such
that we only compare teachers relatively within s, this would not be a concern. However, for
across-school comparisons, it may be. As long as this specialization does not change between
year t and year t — 1, one can use the school-level average scores in Math and Literature from
previous years to plausibly control for such non-random sorting. However, if the school only
begins such type of sorting in year t (e.g. with the arrival of new high TVA Math teachers),
one would tend to underestimate the TVA of the Math teachers in s.

Second, another concern with Assumption 1 may be related to the differential sorting of
students to classrooms in different subjects at certain schools. If a student ¢ is sorted to a
classroom ¢(i, M) in Math and ¢(i, L) in Literature, the probability that the principal based
this sorting on subject-specific ability is higher. This may be explicit - for instance, based
on students signing up for Advanced Math rather than a regular Math class. If this is the
case, the analysis can be conducted within-stream. It is less clear whether the method is
applicable in cases where such type of sorting is not explicit, and depends on tests of the

identifying assumption in the specific setting.

Lagged scores and current teachers I test for sorting on lagged scores in NYC schools
using the fact that lagged scores cannot be explained by a student’s current teacher for any

other reason but sorting.

Importantly, the identifying assumption does not require having no sorting, it requires that
students are not sorted more based on their Math test scores compared to their Literature test
scores, conditional on the set of controls. Student controls are important because they may
capture some of this sorting of students to teachers. Classroom controls are also important
because what we would like to avoid capturing is just that students are sorted non-randomly

into a classroom. More specifically, non-random student sorting to classrooms is a necessary
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but not sufficient condition for bias; for bias to occur, non-random student sorting needs
to be coupled with non-random assignment of teachers to classrooms (a ”specialization” of

teachers, such that better teachers are always found in better classrooms).

Students are very unlikely to repeat/skip a year in the hope of being allocated to a specific
teacher. For this reason, students may only be non-randomly sorted to a classroom within
their cohort. Teachers on the other hand may be sorted to teach either to different grade
level in a given year based on the ability of students in specific grades, or to a different class
within a grade level based on student ability, provided that they teach in the specific year. I
test for both types of non-random sorting within school, focusing exclusively on schools with
complete networks, as the rest of the schools are not in the analysis, and are more likely to

have non-random sorting.

I test the validity of the sorting assumption in two steps. I first regress lagged student scores

on current observable characteristics of students and their classrooms:
*Z z
-1 =X +0s+e7, 4

where X7, includes student controls and classroom-level controls for the year ¢ classroom of

student 7, and 6 are school fixed effects.

I take the estimated residual of €7, ; and denote it A7, ;, and proceed by estimating sepa-

rately for each school:

AT i1 = e T €1 (5)

where 115, ) are the set of teacher coefficients such that each teacher has a per-year per-school

coefficient.

The relevant statistics we can examine is the p-value on an F-test for joint significance of

the teacher coefficients (as in Rothstein, 2010) within the year in the particular school.

If schools are large enough, one would expect a perfectly uniform distribution of p-values. As
pointed out by Rothstein (2010), one may be worried that in grades with very few classrooms
per year, these tests might be misleading, as even if assignment is in reality random, there
may still be substantial overlap in the composition of classrooms between year t and t — 1.
This would lead to a larger mass of p-values that indicate significant non-random assignment.
For this reason, I conduct additional Monte Carlo simulations where I re-assign teachers to
classrooms randomly in two ways. First, I take only 8th-grade classrooms and re-assign 8th-
grade teachers to random classrooms within the year, preserving the number of classrooms
each teacher teaches in the year (Type 1 sorting). Second, I take classrooms from all grades
and, once again preserving the number of classrooms each teacher teaches in the year, I

reassign teachers to classrooms. I then take only 8th-grade classrooms for the analysis
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(Type 2 sorting). I report in the appendix the difference between the true distribution of

school-level p-values from the F-test against the placebo distribution.

In the case of NYC, in both types of sorting, we can see that the true and placebo distributions
almost perfectly overlap (Figure C.14). This is also visible from the fact that in both types of
sorting, only an excess of about 2% of school-year combinations seems to show signs of non-
random sorting in the true data, compared to the simulated data (Figure C). By contrast,
there is an excess of between 9% and 10% of school-years that show signs of non-random
allocation on the average score in the true data, compared to the simulated data. This is
consistent with the idea that sorting on the average Math-Literature score is much more
likely.

Network vs hybrid estimates Another test of non-random sorting which can be con-
ducted in the case of New York City due to the availability of annual standardized testing
is the comparison of the network and hybrid estimates. As both types of estimations are
identical with the sole exception of the addition or omission of lagged test scores, comparing
the obtained estimates from the two methods would allow us to say whether the omission of
lagged test scores causes bias in the network estimates. The coefficient of a regression of the
network estimates on the hybrid estimates is statistically indistinguishable from 1 (as shown
in Figure 7 Panel (c)). This crude test further confirms the validity of the main identifying

assumption.

5.2 Estimates of TVA

I estimate TVA in both the sample of teachers in public schools based in NYC and in France,
using the methodology outlined in Section 2.2.

The vectors of student controls X7, and Xft/ include student-level, classroom-level and, in

the case of estimating absolute TVA, school-level controls.

Specifically for France, student-level controls that vary by student i include the socio-
economic status (SES) of student i, their age, gender, and means-based scholarship and
advanced classes taken. Controls that vary by subject and student include exam repetitions.
Classroom-level controls include all student-level controls averaged at the classroom-level,
e.g. number of peers, average SES, average age, percentage of females. As I focus on esti-

mating TVA within school, I do not add any school-level controls.

For NYC, student-level controls that vary by student ¢ include the ethnicity of student 4,
their age, gender, a dummy for benefitting from a free lunch, a dummy for being in special
education, a dummy for having limited English knowledge, a dummy for having repeated a
grade, number of absences and suspensions in the year, and a dummy for being a foreign

student. Controls that vary by subject include whether or not they have repeated the exam,
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and a dummy for being in an honours program. As for the analysis for France, classroom-level

controls include all student-level controls averaged at the classroom-level.

Standard deviation of TVA I compute the SD of TVA as the covariance between yearly
observations of a teacher m (I, respectively), corrected for the covariance of yearly observa-

tions of the link teacher [ (m, respectively).

Specifically, in the context of New York City, I find that the SD of TVA in Math is 0.1356
according to the network estimator and 0.1311 according to the hybrid estimator. For Liter-
ature, the SD of TVA is 0.1025 according to the network and 0.0978 according to the hybrid
method. It follows that both methods produce very comparable results, indeed confirming
that any positive bias due to non-random sorting on lagged scores in the subject in question

is limited.

For France, where I can only obtain the network estimator, a 1 SD increase in Math (French)
TVA leads to a 0.098 SD (0.065 SD) increase in Math (French) scores. These results indicate
that on average, the effect of teachers on standardized test scores is lower in France than it
is in NYC.

Table 1: SD of TVA by method and subject

Note: This table reports the estimated standard deviation (SD) of TVA using two different estima-
tors—Network and Hybrid—in both NYC and the French setting, for Math and Literature. The SD is

computed as the square root of 0,2“ where cri = Cov(/?mt,gmt/) — o2, such that o7 = Cov(glt,ﬁlt/).

Math Literature

Network Hybrid ‘ Network Hybrid

NYC 0.1356 0.1311 0.1025 0.0978
France 0.098 0.065

Comparison to KS estimates using New York City data It is worth comparing the
point estimates obtained by the network, hybrid and KS methods in the setting of NYC,
where lagged test score data is available. Contrary to comparisons in simulated data, where
comparisons of each method’s estimates are made with regards to the true TVA parameters,
comparisons in real data can only be done across estimation methods. As each method’s
estimates contain a certain amount of error, one cannot expect that the network and hybrid
estimates are identical to the KS method’s estimates. However, as they are identifying the

same teacher effects, they should lay within the same band.
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(a) Network vs KS TVA (b) Hybrid vs KS TVA (¢) Network vs Hybrid TVA
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Figure 7: Relationship between estimates of TVA

Note: Each binscatter represents the relationship between two different TVA estimates on the x- and y-axes
within school, such that Panel (a) reports the results for the Network vs KS estimator, Panel (b) reports the
results for the Hybrid vs KS estimator, and Panel (c¢) reports the results for the Network vs Hybrid estimator.
The TVA parameters are divided into 20 equal-sized groups and each dot represents the mean value of T/V\Am
in each bin. The red line is the 45-degree line. The gray bolxes in each panel report the regression coefficient
and standard error from a regression of T/V\Af1 on T/V\AZ (where E and E’ are two different estimators),
controlling for school fixed effects, rather than the binned averages. Standard errors are clustered at the

school level.

Figure 7 depicts the binscatters of the KS estimates against the (a) network and (b) hybrid
estimates, respectively, and (c) the binscatter of the network against the hybrid estimates.
For panel (a) and (b), the binscatters are constructed by dividing the KS estimate A\j(z) into
20 equal-sized groups (vingtiles) and plotting the means of the (a) network and (b) hybrid
estimates, respectively, within each bin against the mean value of the KS estimates ﬁj(z)
within each bin. Similarly, for panel (c), I divide the hybrid estimates into 20 vingtiles and
plot the mean of the network estimates within each bin. Each of the methods’ estimates are
highly comparable, depicted by the fact they are clustered around the 45-degree line. The
coefficients quoted come from regressions of the network and hybrid method’s estimates on
the KS estimates, controlling for school fixed effects. For the network (hybrid) estimates,
the slope of 0.968 (0.992) is not significantly different from 1 at the 95% confidence level,
signifying that the estimates produced by each method are on average equal. The network
and hybrid estimates are also very comparable (with a slope of 0.991), reflecting the fact

that there is little sorting of teachers to students based on the lagged Math scores.

While the binscatters are useful for the relationship between estimates on average, it is
worthwhile to compare the specific point estimates. I do this in two ways, similar to the

tests performed in simulated data.

First, I compute the school-level Spearman correlation between the (i) network and (ii) hybrid
estimates, and the KS estimates. Figure 9 panel (a) plots the distribution of school-level

correlations, while the numbers reported in the top left corner report the median correlation
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for each of the two methods, with the correlations of the schools at 10th and 90th percentile in
parentheses. Both distributions look very similar, with the largest mass of the correlations
falling above 60%: the median correlation for the network method stands at 73%, while
that of the hybrid method - at 80%. Given the estimation noise, these correlations are not
significantly different than those found in the simulated data when comparing estimates to

true TVA parameters.

Second, I compute the school-level MSE between the (i) network and (ii) hybrid estimates,
and the KS estimates. As the KS estimates are only estimates of the true TVA, these
measures of MSE can be interpreted as mean squared differences between the network and
hybrid method, and the KS method. Figure 9 panel (b) plots the distribution of school-level
MSEs, while the numbers reported in the top right corner report the median MSE for each
of the two methods, with the MSE of the schools at 10th and 90th percentile in parentheses.
Once again, the two distributions look very similar, with the hybrid MSE distribution having
a slightly smaller MSE both at the median and in the tails. Specifically, the median MSE
for the network method stands at 0.0017, while that of the hybrid method - at 0.0014.

(a) Spearman correlations (b) MSEs (c) SDs
15- Median Correlation 2004 Median MSE SD of TVA
2.5
Network = 0.73 Network = 0.0017 Network = 0.1356
(-0.50,1.00) (0.0002,0.0061) 2 KS =0.0985
Hybrid = 0.80 Hybrid = 0.0014 Hybrid = 0.1311
! (-0.50,1.00) 2001 (0.0002,0.0052)

100

0 01 = —— 01
T T T T T T T T T T T T T T T T
-1 -5 0 5 1 0 .005 .01 015 .02 .025 -1 -5 0 5 1
Distribution of correlation with KS TVA Distribution of MSE relative to true TVA Distributions of TVA
— Network TVA Hybrid TVA — Network TVA Hybrid TVA — Network KS —— Hybrid

Figure 9: Predictive power of Network and Hybrid estimates compared to KS estimates of
TVA

Note: Panel (a) depicts the distribution of Spearman correlations between the Network or Hybrid estimates
of TVA and the KS estimates of TVA respectively, computed at the school level. The gray box shows the
correlation for the median school for each of the two estimates with the KS estimates respectively, and the
interval of the 10th and 90th percentile. Panel (b) depicts the distribution of mean squared errors (MSEs)
of the Network or Hybrid estimates of TVA compared to the KS estimates of TVA respectively, averaged at
the school level. The gray box shows the MSE for the median school for each of the two estimate with the
KS estimates respectively, and the interval of the 10th and 90th percentile. Panel (c¢) shows the empirical
distributions of the TVA estimators. The gray box shows the covariance of yearly teacher residuals for each

method.

Finally, I compare the empirical distributions of TVA produced by each method and the
estimated effect of teachers. Consistent with the findings of Chetty et al. (2014a), I show
that the Kane and Staiger (2008) estimator produces a SD of TVA which is biased towards
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zero in true data. Nevertheless, the methods produce roughly comparable results.

Overall, these comparisons do confirm that the network method can be a good substitute to

standard methods in scenarios where lagged scores are not available.

6 Conclusion

This paper introduces a novel methodology for estimating teacher value-added (TVA) in
settings where students do not take standardized tests annually, addressing a fundamental
limitation of existing TVA models. Traditional approaches rely on lagged test scores to con-
trol for student ability, which is not viable in most education systems outside the U.S., where
standardized testing is less frequent. My method circumvents this challenge by leveraging
within-student, across-subject variation and networks of teachers to estimate TVA in the
absence of panel data of student test scores. This framework expands the applicability of
TVA estimation beyond the U.S. context and provides a feasible alternative for evaluating

teacher effectiveness in education systems where standard TVA models are infeasible.

The network-based methodology exploits the natural structure of teacher assignments across
subjects to derive plausibly unbiased TVA estimates. By focusing on schools with complete
teacher networks, I show that Math and Literature scores can serve as controls for students’
overall ability, enabling TVA estimation without the need for prior test scores. I further intro-
duce a hybrid approach that integrates elements of both network-based and traditional TVA
models. This method refines the standard TVA estimation by accounting for time-varying
student unobservables, mitigating biases introduced by sorting mechanisms that assign stu-
dents to teachers based on evolving traits such as motivation or effort. Through Monte
Carlo simulations, I demonstrate that both the network and hybrid methods perform well in
identifying the true distribution of teacher effects, achieving accuracy levels comparable to

traditional TVA estimators under satisfied identification assumptions.

Applying these methods to administrative data from New York City, where panel data
is available, I validate their effectiveness in real-world settings. I compare my estimates
to those obtained using standard TVA methods and show that the network and hybrid
estimators yield similar distributions of teacher effects to that produced by the standard
method. Additionally, I confirm the key identification assumption of the network estimator—
namely, that if students are sorted to teachers non-randomly, they are sorted based on their
overall ability rather than subject-specific differences—by showing that sorting based on

Math-Literature score differences occurs in only a small fraction of schools.

In France, where traditional TVA estimation is infeasible due to the lack of annual testing, I
provide the first evidence of TVA distributions among middle school teachers. My findings

reveal that teacher effects in France are generally lower than those reported in the U.S.,
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raising important questions about cross-country differences in teacher practices and their

impact on student outcomes.

Beyond its methodological contributions, this paper has important implications for education
policy. The feasibility of TVA estimation without lagged scores opens the door for broader
applications in teacher evaluation, particularly in contexts where standard TVA methods
cannot be implemented. Moreover, the hybrid approach offers a more robust framework for
addressing student-teacher sorting mechanisms that are often overlooked in traditional TVA
models. By demonstrating that these methods yield unbiased estimates under reasonable
assumptions, this paper provides a foundation for policymakers and researchers seeking to

measure teacher effectiveness in a wider range of educational settings.
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Appendix

A Statistical model details

A.1 Setting with multiple time periods
A.1.1 Adaptation of the model

To extend the simple setting introduced in Section 2, we can rewrite the statistical model in

equation 1 as:

A:tMZbZXX%—F/,Lm—{—V%

where the error term IJ% can be decomposed into:

szy = /\;ktM + ’erkt + Cé‘é) + Wt

such that )\;ktM and v}, represent the year-specific ability components (Math-specific and
common across subjects, respectively) measured with some error, ¢ é\({.) represents the class-

specific shock for i’s class, and wy,; represents the year-specific teacher shock.
There are two alternative assumptions we could take regarding the transitory component of

TVA.

ASSUMPTION A.1. (Stationarity of transitory TVA) The transitory component

of TVA, wmy follows a stationary process:

Elwme] =0, and

(1) cov(wmt; Wimi4ry) = 0 and var(wme) = oy, for all ¢ and 7 # 0.

Assumption A.1. allows us to treat the transitory component of TVA, w,,; as random and
uncorrelated. It follows that the only change in equation 3 is the additional components in

the error term:

AAME = (M 5 XM 08 x XE) o+ (ptan — ) + W~ vF)

7 (2
where
M L M L M L
vt =i =N AT+ (Cc(i) - C(i)) + (Wmt — wit)
Alternatively, one can instead assume the transitory component is a linear function of the

teacher’s years of experience at year t. Let the number of years of experience of m at ¢ be

denoted Ej,, ).
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ASSUMPTION A.2. (Experience-based transitory TVA) The transitory compo-
nent of TVA, wp, is a linear function of m’s years of experience at year t and random

teacher-specific noise that follows a stationary process:
Wim = ]l(Em(t) = E) + Ot
where

cov(Omt, Omi+r) = 0 and var(dpe) = o5 for all t and T # 0.

Equation 3 needs to be modified to thus include both the years of experience of both teachers

and the additional components in the error term:

AAME — (pM 5 XM _bL 5 XEY 4 (o — 1) + (Bt — Ep) + (M =)

7 K3

where

vt — vl = (M = M)+ (¢ — )+ G — 61

It follows that Assumptions 1 and 2 in Section 2 would have to be adapted to account for

the additional observable component of experience:

ASSUMPTION 1* (Zero conditional mean of the error term) The difference in

error terms (vM — vl) has a mean of zero conditional on the teacher effects {pm }mes,, and
{1i}ies, . the observable student characteristics X7 and the years of experience of the two

teachers Ep,yy and Eyyy. This constitutes:

(a‘) E [)\zzt‘:u'maulvxi‘tlule;t7Em(t)7Em(t):| =0, Vi, VZ{M,L}, Vm € {JM}7 Vi e {JL}7 and Vit

(b) E [gg(i)w, Ju, XM XL, Em(t)} =0, Ve(i), V2{M, L}, ¥m € Jus, VI € Ty, and Vt

ASSUMPTION 2* (Random sampling) The difference in error terms (vM — vF) is
i.i.d. conditional on the teacher effects {fim}tmes,, and {wi}ics, . the observable student

characteristics X7 and the years of experience of the two teachers Ep, ) and Eyy).

Consequently, the estimation of TVA by OLS would be modified to:
AAME =+ XMBM + XEBE + N pp L (G(M) =m) + Y wl(j(L) =1)
meJy; leJgr

+ Z Oéym]l(Em(t) = Ey) + Z Oéyl]l(El(t) = Ey) +&;
yeY (m) yeY (1)

where Y (z) are the total number of distinct years of experience observed in the group of z
teachers. Alternatively, Y'(z) can be the total number of experience bands in the group of z

teachers.
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A.1.2 Yearly networks of teachers

One might also be interested in comparing networks of teachers exclusively within the same
year. This might be useful if there are significant changes to exams over the years. Figure A.1

shows why this may be difficult to achieve especially in smaller schools.

Imagine a school that teaches students in 5 different years. If we want to compare TVA
within that school only within year, we can “split” Figure 1 into 5 subfigures, such that each
subfigure now shows only the teachers who teach 9th-grade math and 9th-grade literature

in the specific year.

In Year 1, the two math teachers observed, M7 and Ms, are in a network. The same is true in
Year 5, with math teachers M7, Ms and Ms. However, the sets of teachers in Year 2, 3 and 4
and not connected. It follows that for the example school, we may only uncover relative TVA
for math teachers within Year 1 and Year 5. The same logic follows for literature teachers.
It therefore makes sense to not restrict the within-school analysis to within-year, in order to

increase the coverage of school-level connected sets.

Finally, notice that within-year analysis is not possible if we compare teachers across schools,
as teachers are in most cases not mobile within a year. Specifically, mobile teachers are more
likely to move from school A, where they teach until year ¢ — 1, to school B in year t.
Therefore, such variation may only exist if teachers teach in more than one school in the

same school year or they move mid-year, both of which cases are much less common.

m MATH TEACHER

LIT. TEACHER

Figure A.1: Yearly school allocations and connected sets

Note: This figure represents the sets of teachers within a random school per year. The sets are connected only
in Year 1 and Year 5, thus showing why the method is more widely applicable when school-level networks are

allowed to exist both within and across years.
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A.2 Networks and dimensionality

In this section, I provide a proof that the dimensionality problem outlined in Section 2 can
be solved with the use of connected sets, called networks, through proving the absence of

perfect multicollinearity between regressors within networks.

Let us consider a network which extends to the level of a school s, such that all teachers
can be linked to each other through their classroom observations with teachers from another

subject.

For simplicity of exposition and without a loss of generality, let teachers m(1) and [(1) who
teach class c(1) be the reference Math and Literature teachers, such that p,1y = ) = 0.
This can be achieved by adding an intercept 1 to equation 2. It follows that f,,,(1) and )
are excluded from the model in equation 2. Note that the same result would follow if no

intercept are added such that the within-school mean of pi,,, and py, g and 1% are zero.

Consider a set of scalars ({am},,ep 77 {bi}1ep2,7)> d) such that:

M L
ol + Z o fbm, + Z ajp; =0 (A.1)
m=2 1=2

It can be shown that the equality holds for each school s and all classes ¢ € C. Specifi-
cally, consider first the reference class c(1). For reference class c(1), fiy,1) = 1) = 0 by

normalization, which implies that § = 0.

By the definition of a network, it must be that if school s has a complete network, either
m(1) or I(1) is observed with at least one other class. Without loss of generality, let this
class be ¢(2) such that m(1) is observed in ¢(2) with a Literature teacher 1(2). As pip1) =0
and ¢ = 0, from equation A.1 it follows that a;) = 0. The logic can be extended to all other
classes within the school s. For example, if [(2) teaches in class ¢(3) with another Math

teacher m(3), it would follow that a,,(3) = 0.

Therefore, d = 0 and a,,(c) = by) = 0 Ve € [2,C]. This proves that 1, {/‘m}me[zﬁ]’

{1} le[2,T] Are not collinear. The OLS estimator is unique and unbiased at finite distance.

Consider instead that school s has two separate networks, such that there exists a set of
classes C’, which is not connected to the set of classes C. The set of classes C' is taught
by Math teachers [M + 1, M + M’] and Literature teachers [L + 1, L + f/]. Without further

normalization, equation A.l can be rewritten as:

M L M i
ST+ ampim + Y _aypi+ > bmpim + Y by =0 (A.2)
m=2 1=2 m=M+1 I=L+1

Under d = 0, ppmay = )y = 0 and ap) = by = 0 Ve € [2,0], absence of perfect
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multicollinearity would hold iff:

M T
> bmpm+ > byu =0 (A.3)
m=M+1 I=L+1
which is feasible only if b, = b = 0 or under additional normalization, for instance

oo (3T41) = Hi(T41) = 0. The latter would entail that identification is feasible within each of

the two sets.

It follows that under assumptions 1-2 and with the use of networks, teacher effects are iden-
tified within network, i.e. the OLS estimation of {tm }imefs,,1 and {f}ieqs, ), are uniquely

defined and unbiased estimators of the teacher effects of finite distance:
E[Eit| o, pa, Xit] =
E (A = X5) + (¢ = Cliy) + @ — )|t Tugar, Xt =
B[O = NIt 1, Xat] + E [() = € 1, K| +
E [(wm — wi)| s 1, Xit] =0
It follows that:
E(lim |, Xit) = pom, Ym € Jyr and E(| o, Xi) = i, VI € Jg,
A.3 Equivalence between TWFE equation and FD for two Math and one
Literature teachers

Note that for the case when Jy; = 2 and Jr, < 2, the equation 3 is numerically equivalent
to a first-difference equation. To see this, take the example of for the case when Jp; =
{m(1),m(2)} and Jr = {l}. Let student i in class ¢(1) be taught by m(1) in year ¢ and
student k in class ¢(2) be taught by m(2) in year t’. It follows that for i:

AAME = o+ XY B + X[ 8" + pnry + i+ €a
and for k:
Attt = a+ XM + X BY + () + 1+ exe

Taking the first difference of these two differences and noting the fact that teacher [ is
teaching both ¢ and k:

AA;}ML - AZ?'“ = (X% - X%’) BM + (Xth - Xét’) ﬂL + (Mm(l) - Hm(2)) + (it — €rrr)

It follows that we can isolate the relative effect of teacher m(1) and teacher m(2) by rear-

ranging:

(i) = tm2)) = (AAPTE — AE) = (X = XH) BY + (XE = XF ) 85 = (et — ene)
(A.4)
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Equation A.4, averaged across all students i and k, would allow to uncover relative Math

teacher effects of m(1) and m(2).

In the case of multiple Math and Literature teachers, equation 3 is no longer numerically
equivalent to equation A.4. It is, however, equivalent to the weighted average of the full set of
difference-in-differences equations (de Chaisemartin & D’Haultfeeuille, 2020). It is important
to note that, given the nature of class observations, we do not expect that every Math teacher
is observed with each Literature teacher from the network, and vice versa (similarly to the
illustrative example of a network). It thus follows that the available set of difference-in-
differences equations which go in the estimation of the teacher fixed effects is smaller than
the full set of potential difference-in-differences equations. As certain pairwise comparisons
of teachers in the same subject are missing, some teacher fixed effects are identified based on
the transitivity property, as long as teacher in question is part of the network. Importantly,

all fixed effects are identified within the network the respective teachers belong to.

A.4 Empirical Bayes shrinkage

As teachers are often observed to teach for only a few years and tend to teach few class-
rooms per year, a common problem with school data is that while unbiased, the estimators
Iim 1s likely noisy, and especially so for teachers with less experience. To deal with this
issue, I shrink T'VA estimates using an Empirical Bayes shrinkage method adapted from the

literature.

After estimating equation 3 by OLS, to compute the TVA estimates for Math teachers, I take
the residual that purges the effect of the Literature teacher effects'® and observed covariates

from AA;‘M L and denote it 2{” L according to equation 2:
Az]'\t/[L = ﬁm + é\it

We can use these sum of residuals to form empirical Bayes estimates for teachers’ value-

added. I do this in three steps.
First, I estimate the variances git and each of its underlying parameters:
Ay =TV Ay, —TVA + (N = X5 + (¢l — ¢&iy) + (wme — wir)

Notably, I denote the variance of TV A,, as Jﬁ, the (residual) variance of TV A; as 012, the
variance of (AM —\L) as Ui, the variance of (¢ é\é) —C CL(Z)) as 02, and the variance of (wy,; —wy)

as 02. Finally, I denote the total variance as .

I define the total variance as:

~ N -1
0?4 = Var(Ay) x (N — K>

MNote that we do not need to include the estimated Literature teacher effects in this residual, as by definition

they are orthogonal to the Math teacher effects.
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where N is the total number of students and K is the number of control variables in equa-

tion 3. The scaling term adjusts for the degrees of freedom (Chetty et al., 2014a).

I estimate the individual-level variance O'i as:

L N-1
o'i:V(l?"(Ait_Ac(i))x <N_K_C+1>

where gc(i)) is the classroom c(i)-level average value of Ay, such that (Klt — gc(i)) are within-
classroom individual deviations from the mean residual and C' is the total number of classes

used in equation 3. The scaling term adjusts for the degrees of freedom (Chetty et al., 2014a).

To estimate the variance of the fixed teacher component, ai, I first compute the covariance
between the teacher’s yearly residual in two randomly selected years, weighted by the number

of students in each year, similarly to Kane and Staiger (2008) and Chetty et al. (2014a):

Cov(Amt, Amtr)
Then, to account for any remaining variance of the link teacher in the residual, I also compute

the covariance between the link teacher’s yearly residual in the same way:
o = Cov(Ay, Ay)
Finally, I compute the variance of the fixed teacher component as:

O'i = Cov(Amit, Ay) — 0}

It follows that the estimated sum of the variance of the classroom component and the differ-

ence in transitory teacher effect between the Math and Literature teachers is the remainder:

var ((Cf(i) - CCZ(/z-)) + (wmt — wlt)> = 0? + 02 =07 — ai — 03
I then use the teacher-year-average residuals for each Math teacher Emt and form a weighted-
average residual Xm per teacher, which is the minimum variance unbiased estimate of p,
for each teacher. Specifically, each teacher-year observation is weighted by its precision wy,
(the inverse of its conditional variance), such that years in which a teacher teaches more
students receive more weight because they have a smaller variance:

~ ~ hont
A, = g Wit Ame Where w,y = ————— an
i Zt hnt

1 1

hm = p—
' Var(Amt|pm) U? + 02+ (03/Nmt)

d

Finally, using Em I construct an empirical Bayes estimator for each teacher’s TVA by mul-
tiplying this weighted average residual by an estimate of its reliability (the signal-to-noise

ratio):

— ~ 0'2
TV A, = An, £ A5
<UZ+1/Zthmt> ( )
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A.4.1 Proof of forecast unbiasedness of Empirical shrinkage estimator

To see that the empirical Bayes network estimator is forecast unbiased, making use of As-

sumptions 1-2 and denoting for simplicity:

2
O-H = kmt
O—l% + 1/ Et hmt

We can expand equation A.5:

Yicop Negiy - Ait
>iecm Ne(i)

7{‘/\147)1 = A\mkmt = Z wmtle\mt kot = Z Wmit kot
t

Using the fact that:
A\it = [im + Eit

and that:

ZieC;ﬂ Nc(i) ’ //lm .
> iecr Neg)

=
3

we can simplify the equation for T/V\Am to

— m N . (A + g )
'L o c(7) Hm it
TVAm = Wt S kmt =
Z 2 icop Neg)

o Noo (Bir)

R C (a)\=it

§ wmtkmtlﬁm E Wit ZE mcj\; . mt
t zeC’ c(i)

By Assumptions 1-2:

N (Eit)

ZEC’”
Z Wt N kme =
zECm c(4)

Z Ziectm NC(U(()‘z]‘\t/I - /\ZIZ) + ( éw(i) - CL(Z)) + (Wit — wit))
Wmt kmt =0
7 2 icom Ne(i)

Therefore, it follows that:

Zie()m Nc(i) (at)
[TVA Wmit kmt,UJm +E Wmit £ mit
Z zt: > icam Ne(i)

= Z Wmt k’mtmm

For any shrinkage factor ), wimkms # 1, it follows that T{V\Am is not unbiased, but is instead

forecast unbiased.
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A.5 Spillover effects

Note that, following the literature, the assumed production function of a student’s test score
assumes no spillover teacher effects across subjects. In other words, a student’s Literature
teacher does not influence her Math score and vice versa. Given the use of cross-sectional
variation in scores, we need to formally discuss this assumption and the implications of

non-zero spillover.

For this purpose, let us assume there is instead a positive teacher spillover across subjects

that is a linear function of a teacher’s TVA in their own subject:
TVAS1 =M 4 MTVA,, and TVAlM =P 4+ ¢"TV A, where ¢™ > 0 and ¢* > 0
It follows that we need to adjust the sum of the underlying unobserved factors as:

+ (rt =My 4 (¢"TV A, — MTVA,,)
= (1= ¢")TVAn — (1= ¢"TVA + (XN + (GG — )+

Ay =TV Ay, = TVA + (N = X5) + (¢ = ¢Liy) + (@me — wir)

— (Wt — wit) + (TM — rL)

As ¢™ > 0, both Emt and the subsequent mm the estimated difference of TVA will be

biased towards zero by the amount (1 — ¢™).

ASSUMPTION A.3. (Spillover effects):  There are no spillover effects from a teacher

in a network to a student’s score in the subject of the link teacher:

TVA: =0

The assumption entails that the choice of subjects to identify TVA leads to a trade-off. On
the one hand, the closer the subjects are in skills, the larger the share of common ability
would be compared to subject-specific ability. A good example is the use of Math and
Physics: the two subjects require many of the same skills, such that a larger share of ability
necessary for the Math and Physics exams would be common between the two subjects,
and would therefore be canceled out. On the other hand, the closer the two subjects are
in required skills, the more likely that there are spillovers from one teacher to the other’s
subject. It is plausible to imagine that a good Math teacher can positively contribute to a

student’s Physics score.

The assumption is more plausible when using Math and Literature teachers, as Math and
Literature are two subjects with some skill overlap (e.g. logical thinking), but no likely
spillovers between teachers at the middle school level, even if spillovers are possible at earlier

stages of the education process.
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B Simulation setup and results

B.1 Setup

The simulations are based on a school with the properties of the representative school in the
French data in terms of the total number of classrooms, the number of students per class,
and number of teachers, over a period of 10 years (see Table B.2). In what follows, I focus
on simulations for the value added of Math teachers, but naturally, the equivalent is true for

the value added of French teachers.

Table B.1: Simulated school

Note: The table depicts the characteristics of the average school in my sample of schools for a total period of

10 years. These characteristics are used for the purpose of simulating the average school.

Characteristic Size
Total number of schools 1000
Avg. number of classrooms per school and year 3.5
Total number of classrooms per school (over 10 yrs) 40
Avg. classroom size 24
Classroom size range [15,30]
Avg. number of z teachers per school and year 8
Total number of z teachers per school (over 10 yrs) 8
Avg. number of classrooms per teacher and year 1.3

Range of number of classrooms per teacher (over 10 yrs) [2,6]

B.2 Data Generating Process

Fach student is observed only in only two periods, ¢ — 1 and ¢, such that sorting at ¢t — 1 is

random, but sorting at ¢ may not be.

Student ¢’s score at period ¢t — 1 is determined by:
A1 =Nt N1 1) Gy T Eit—1 T € (B.6)

where A7, ; is ¢t — 1 period’s ability of student ¢ in subject z, A;;—1 is 4’s common ability,
Mj(z¢—1) is the TVA of the teacher in subject z, (7, ; are classroom-level c’s idiosyncratic
effects and ¢;;—1 is an additional student and time-specific idiosyncratic noise. One can
think of (7, as a noise which affects all the students in classroom c in the same way, with
a constant variation of the noise across years (i.e. the same noise would affect students in
grade 8th and 9th in the same way) but no autocorrelation across years (e.g. the exam taking
place in a noisy environment at t — 1 due to works on the street does not affect exam results

at ¢t in any way). We can think of the student noise €; ;1 in a similar way: being ill on the
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day of the exam would affect the grade of student ¢ in grade 8th and 9th in the same way,

but if ¢ was sick at ¢ — 1, this would not affect her score at ¢.

Denote the persistence of ability in period ¢ as n. It follows that in period ¢, the score of i is:
d =N+ (L= m)AG +nXie—1 + (1= n) it + pjz) + (o + €t + € (B.7)

In other words, ability of student 7 at time ¢ is a function of i’s ability at ¢t — 1 (with a factor
of persistence 7)), and some new ability factor, discounted with a factor of (1 — 7)), to keep

the variance of each of the ability factors unchanged.

I follow Chetty et al. (2014a)’s findings concerning the SD of student, classroom and teacher
effects as parameters in my simulation (see Table B.2). I make additional assumptions about
the shares of the variance of each student component. Specifically, the student-level variance
is split into the variances of subject-specific ability, common ability and idiosyncratic noise
of the transmission from ability to exam score. I assume that the share of common ability in
the variance is larger that of the subject-specific ability share. The noise in the prediction of
exam scores is added in two ways, as shown in equation B.2: through the additional gains

in ability at time ¢, (1 —n)AZ and (1 — 1)\, and through the idiosyncratic student noise €;.

Table B.2: Exogenous simulation parameters

Note: The table depicts the inputs in the simulations used to derive student test scores in Math and Literature.
The standard deviations of TVA and class effect correspond to the results of Chetty et al. (2014a) for test
scores in Math (here extended to both Math and Literature for tractability and to reduce the necessary
assumptions needed for analysis). The variance of student noise is split into variances of subject-specific and
common ability, as well as random student noise. I assume the share of common ability in the variance is
close to double that of the subject-specific ability. The noise in the prediction of exam scores is added in two
ways, as shown in equation B.2: through the additional gains in ability at time ¢, (1 — n)Aj; and (1 — n) A,

and through the idiosyncratic student noise €.

Simulation parameter Mean SD

TVA 0 0.134
Class effect 0 0.116
Subject-specific ability 0 0.455
Common ability 0 0.729
Persistence of ability 0.8 0

Idiosyncratic noise 0 0.595

B.3 Simulating non-random sorting

Three out of the four simulation scenarios are based on settings with non-random sorting,

based on a specific sorting variable: (i) the average lagged score between Math and Literature,
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(ii) the difference between the lagged Math and Literature scores, and (iii) the change in

student motivation.

I simulate non-random sorting in the following way. First, I sort students to classrooms based
on their sorting variable value. For example, if the sorting variable is the average lagged score,
I compute the average score for each student in period ¢ — 1 and place each student in period
t into a new class based on their average lagged score, such that students with the highest
lagged scores are grouped together in a class (given the pre-defined restriction of class size),

students with marginally worse scores are grouped together in another class, and so on.

After placing students to classes, I allocate Math teachers to classes, using pre-defined re-
strictions on the number of classes each teacher teaches and the specific years in which the
teacher teaches. Specifically, the highest TVA Math teacher is placed in front of the class(es)
with the highest values of the sorting variable, the second highest TVA Math teacher is
placed in front of the class(es) with the marginally lower values of the sorting variable, and
so on. I allow Literature teachers to be placed randomly across classes. Alternative spec-
ifications which sort both teachers non-randomly lead to similar but noisier results, as the
very strict sorting pattern allows for much fewer connected sets (the best Math teachers are

observed only with the best Literature teachers, and vice versa).

B.4 Results

The sorting on lagged average score case This section shows the results corresponding
to the scenario of non-random sorting of students to classrooms based on their lagged average
score in Math and Literature, and positive assignment of Math and Literature teachers to

classrooms (i.e. better teachers assigned to classrooms which are better on average).
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(a) Network TVA (b) KS TVA (c) Hybrid TVA
5-Coefficient = 1.019 5-Coefficient = 1.015 5-Coefficient = 1.014
(0.011) (0.006) (0.009)
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Figure B.2: Relationship between estimates of TVA and true TVA parameters

Note: The figures are based on the analysis where sorting of teachers to students is based on lagged average
scores. Each binscatter represents the relationship between the TVA estimates (on the y-axis) and the
true TVA parameters (on the x-axis) within school, such that Panel (a) reports the results for the Network
estimator, Panel (b) reports the results for the KS estimator, and Panel (c) reports the results for the Hybrid
estimator. The TVA parameters are divided into 100 equal-sized groups and each dot represents the mean
value of A,, in each bin. The red line is the 45-degree line. The gray boxes in each panel reports the regression
coefficient and standard error from a regression of A, on Lm, controlling for school fixed effects, rather than

the binned averages. Standard errors are clustered at the school level.

(a) Spearman correlations (b) MSEs (c) SDs
Median Correlation 300+ Median MSE 31 SD of TVA
n
Network = 0.81 Network = 0.0042 Network = 0.1297
(0.43,0.95) (0.0017,0.0091) KS =0.1363
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(0.64,0.98) 200 (0.0012,0.0050) 2 ‘ True = 0.1331
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Distribution of correlation with true TVA Distribution of MSE relative to true TVA Distributions of TVA
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Figure B.4: Predictive power of estimates compared to true TVA

Note: The figures are based on the analysis where sorting of teachers to students is random. Panel (a) depicts
the distribution of Spearman correlations between the Network, Hybrid or KS estimates of TVA and the
true TVA parameters respectively, computed at the school level. The gray box shows the correlation for
the median school for each estimate with the true parameters respectively, and the interval of the 10th and
90th percentile. More weight is given to schools with more students. Panel (b) depicts the distribution of
mean squared errors (MSEs) of the Network, Hybrid or KS estimates of TVA compared to the true TVA
parameters respectively, averaged at the school level. The gray box shows the MSE for the median school
for each estimate with the true parameters respectively, and the interval of the 10th and 90th percentile.
More weight is given to schools with more students. Panel (c) shows the empirical distributions of the TVA
estimators and the distribution of true TVA. The gray box shows the covariance of yearly teacher residuals

for each method and the SD of true TVA.
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Sorting on the difference between lagged Math and Literature scores and positive
teacher assignment This section shows the results corresponding to the scenario of non-
random sorting of students to classrooms based on the difference between their lagged Math
and Literature scores, and positive assignment of Math teachers to classrooms (i.e. better

teachers assigned to classrooms which are better on average).

(a) Network TVA (b) KS TVA (c) Hybrid TVA
11Coefficient = 2.622 5-Coefficient = 1.003 5-Coefficient = 1.010
(0.019) (0.0086) (0.007)
7] 51 ‘..
$ o 8
: % :
2 X =3
2 T
-5 K
1 T T T T T T T T T
-5 0 5 -5 0 5 -5 0 5
True TVA parameters True TVA parameters True TVA parameters

Figure B.6: Relationship between estimates of TVA and true TVA parameters

Note: The figures are based on the analysis where sorting of teachers to students is based on the difference
between their lagged Math and Literature scores. Each binscatter represents the relationship between the
TVA estimates (on the y-axis) and the true TVA parameters (on the x-axis) within school, such that Panel
(a) reports the results for the Network estimator, Panel (b) reports the results for the KS estimator, and
Panel (c) reports the results for the Hybrid estimator. The TVA parameters are divided into 100 equal-sized
groups and each dot represents the mean value of A, in each bin. The red line is the 45-degree line. The
gray boxes in each panel reports the regression coefficient and standard error from a regression of A, on

Lm, controlling for school fixed effects, rather than the binned averages. Standard errors are clustered at the

school level.
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(a) Spearman correlations (b) MSEs (c) SDs
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Figure B.8: Predictive power of estimates compared to true TVA

Note: The figures are based on the analysis where sorting of teachers to students is based on the difference
between their lagged Math and Literature scores. Panel (a) depicts the distribution of Spearman correlations
between the Network, Hybrid or KS estimates of TVA and the true TVA parameters respectively, computed
at the school level. The gray box shows the correlation for the median school for each estimate with the true
parameters respectively, and the interval of the 10th and 90th percentile. More weight is given to schools with
more students. Panel (b) depicts the distribution of mean squared errors (MSEs) of the Network, Hybrid
or KS estimates of TVA compared to the true TVA parameters respectively, averaged at the school level.
The gray box shows the MSE for the median school for each estimate with the true parameters respectively,
and the interval of the 10th and 90th percentile. More weight is given to schools with more students. Panel
(c) shows the empirical distributions of the TVA estimators and the distribution of true TVA. The gray box

shows the covariance of yearly teacher residuals for each method and the SD of true TVA.

Sorting on the change in students’ motivation and positive teacher assignment
This section shows the results corresponding to the scenario of non-random sorting of stu-
dents to classrooms based on the change in their motivation, and positive assignment of
Math teachers to classrooms (i.e. better teachers assigned to classrooms which have become

more motivated on average).
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(a) Network TVA (b) KS TVA (c) Hybrid TVA
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Figure B.10: Relationship between estimates of TVA and true TVA parameters

Note: The figures are based on the analysis where sorting of teachers to students is based on the change in
students’ motivation. Each binscatter represents the relationship between the TVA estimates (on the y-axis)
and the true TVA parameters (on the x-axis) within school, such that Panel (a) reports the results for the
Network estimator, Panel (b) reports the results for the KS estimator, and Panel (c) reports the results for
the Hybrid estimator. The TVA parameters are divided into 100 equal-sized groups and each dot represents
the mean value of A,, in each bin. The red line is the 45-degree line. The gray boxes in each panel reports the
regression coefficient and standard error from a regression of A, on Lm, controlling for school fixed effects,

rather than the binned averages. Standard errors are clustered at the school level.
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Figure B.12: Predictive power of estimates compared to true TVA

Note: The figures are based on the analysis where sorting of teachers to students is based on the change
in students’ motivation. Panel (a) depicts the distribution of Spearman correlations between the Network,
Hybrid or KS estimates of TVA and the true TVA parameters respectively, computed at the school level. The
gray box shows the correlation for the median school for each estimate with the true parameters respectively,
and the interval of the 10th and 90th percentile. More weight is given to schools with more students. Panel
(b) depicts the distribution of mean squared errors (MSEs) of the Network, Hybrid or KS estimates of TVA
compared to the true TVA parameters respectively, averaged at the school level. The gray box shows the
MSE for the median school for each estimate with the true parameters respectively, and the interval of the
10th and 90th percentile. More weight is given to schools with more students. Panel (c) shows the empirical
distributions of the TVA estimators and the distribution of true TVA. The gray box shows the covariance of
yearly teacher residuals for each method and the SD of true TVA.
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C Graphs of tests of sorting

Figure C.14: PDF of p-values for difference

Note: Distribution of F-test p-values within school within year for real assignment vs. simulated assignment

for the sample of teachers with more than 1 year within school. The type of sorting refers to the way in

which the placebo re-assignment of teachers is conducted. Type 1 sorting takes only 8th grade teachers at

a particular year and reallocates them to 8th grade classrooms within the school. Type 2 sorting takes all

middle school teachers at a particular year and reallocates them across classrooms within the school. I then

take only 8th grade classrooms for the analysis.

(a) Type 1 sorting (b) Type 2 sorting

—— True pdf p-values sorting on dif. —— True pdf p-values sorting on dif.
—— Placebo pdf p-values sorting on dif. —— Placebo pdf p-values sorting on dif.

Figure C.15: Grade 8: Perc. of schools with p-value <= 0.05

Note: Perc. of schools with p-value <= 0.05 for sorting within school within year for real assignment vs.

simulated assignment for the sample of teachers with more than 1 year within school. The type of sorting

refers to the way in which the placebo re-assignment of teachers is conducted. Type 1 sorting takes only 8th

grade teachers at a particular year and reallocates them to 8th grade classrooms within the school. Type 2

sorting takes all middle school teachers at a particular year and reallocates them across classrooms within

the school. I then take only 8th grade classrooms for the analysis.

Placebo

(a) Type 1 sorting (b) Type 2 sorting
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