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Abstract

The literature on assignmentmechanisms largely focuses on efficiencybasedon agents’
preferences, though policymakers may prioritize different goals. In assigning teach-
ers to classrooms, a school district might prioritize student learning but must also
consider teacher welfare. This paper studies the potential gains in student test scores
from alternative within-district assignments of teachers to classrooms, using novel ad-
ministrative data on teacher and school principal decisions from the district’s internal
transfer system (ITS) and student test scores under the observed assignments. To credi-
bly predict student test scores under unrealized assignments, we jointlymodel student
achievement and teacher and principal decisions, accounting for potential selection
of teachers on test score gains. We estimate the variation in teachers’ comparative
advantage in producing learning to be one-ninth the magnitude of the variation in
their general effectiveness. Further, teachers dislike comparative advantage–based
assignments. Assignment of teachers to classrooms to maximize learning under the
constraint of not reducing any assigned teacher’s welfare would raise the average test
score by 7% of a standard deviation (SD) relative to that under the observed assign-
ment, with this effect driven mostly by assignment of teachers with higher general
effectiveness to larger classrooms rather than by harnessing teachers’ comparative
advantage.
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1. Introduction
Teachers impact student learning more than do other school-based factors (Chetty et al.,

2014b; Chetty and Hendren, 2018; Hanushek, 2020). Teachers are unequally effective in

teaching all types of students: Their performance may vary with student race, income,

or achievement (Delgado, 2023; Bates et al., 2024; Biasi et al., 2022), suggesting that as-

signment of teachers to students affects average student learning. What gains in student

learning could districts achieve by harnessing teachers’ comparative advantage? What

distributional consequences would arise from these alternative assignments in terms of

race- and income-based achievement gaps? How does the addition of constraints that

would make reforms of the teacher assignment policy more politically feasible, such as

not harming any teacher’s welfare, affect the potential gains in student learning?

Teachers may have private information about their own comparative advantage, and

school principals might be able to accurately identify the types of teachers who best fit

their student populations. If the goal of principals and teachers is to maximize student

learning, then the status quo mechanism, namely, decentralized assignment of teachers

to classrooms, should lead to optimal student outcomes. However, if principals and

teachers are not well informed about the quality of a teacher–classroom match, or if their

objectives deviate (because, beyond student outcomes, teachers value other job amenities

and principals value other aspects of the match), then the decentralized assignment may

not be optimal for student learning. Understanding the potential gains from alternative

assignment of teachers to classrooms and how these gains relate to teacher and principal

decisions can inform policies that facilitate assignments that maximize student outcomes.

This paper quantifies the potential gains in student test scores from alternative assign-

ments of teachers to classrooms within a school district. It compares the performance and

distributional outcomes of counterfactual teacher–classroom matches to their observed

counterparts and evaluates the impact of teacher and school principal decisions on stu-

dent achievement. We find that assignment of teachers to classrooms under the constraint

of not reducing any assigned teacher’s welfare leads to an average test score gain of up to

7% of a standard deviation (SD) relative to the status quo, driven mostly by assignment of
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teachers with higher general effectiveness to larger classrooms rather than by gains from

comparative advantage. We focus on within-district transfers because these are relatively

easy to facilitate: They do not require the district to change its compensation policies or

any changes to teachers’ health insurance, tenure status, seniority, or pension rights.

A key challenge we face in estimating the test score gains under counterfactual teacher

assignments ismeasuring teacher effectiveness inmatches that have not actually occurred.

Teachers’ effectiveness in observed matches might not represent their counterfactual ef-

fectiveness elsewhere if teachers tend to apply to (or avoid) positions in which they have

a comparative advantage or if principals tend to select teachers on the basis of such com-

parative advantage.1 For an analysis of this kind, imposing the assumption of exogenous

mobility of teachers across schools, as Chetty et al. (2014a) do, would be convenient, but

some evidence weighs against it. For example, Feng and Sass (2017) find that a teacher’s

overall effectiveness plays a role in her decision to leave a position, and (Jackson, 2013)

finds that teachers tend to systematically move to schools where they have better match

quality. Rather than imposing this assumption, we leverage over 10 years of data from a

large urban school district’s internal transfer system (ITS) and longitudinal, student-level

achievement data to estimate a joint model of student outcomes, teacher labor supply to

schools, and school principal demand for teachers, allowing correlation between student

potential outcomes and teacher and principal decisions, in the spirit of Roy (1951).

The model of student potential outcomes captures teacher effectiveness as the sum of

a general-effectiveness component applying across all students andmatch effects between

teachers and students. Similarly to howAgarwal et al. (Forthcoming) approach the kidney

transplantmarket, we include a rich set of student, teacher, andmatch-specific observables

and allow for match effects on unobservables that capture differences in effectiveness not

traceable to observable student types. We model teachers’ and principals’ decisions

using a latent variables framework and capture the potential correlation between student

outcomes and these decisions via three channels. First, the student achievement model

includes interactions between observed teacher and student characteristics, which are

1Hiring authority rests with the principal. Though principals may delegate selection work to a team,
they retain final decision-making power.
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also part of the teacher and school principal decision models. Second, teacher and school

principal decisions depend on teacher×school idiosyncratic tastes, which may correlate

with the unobserved match effects in the student outcomes model. Both of these margins

capture selection on test score gains. Last, principals’ decisions may be correlated with

teachers’ general effectiveness.

The identification of our model relies on (1) the assumption of conditionally indepen-

dent assignment of teachers to students within, but not across, schools and (2) two shifters

that separate teacher and principal decisions from student outcomes.2 We use the driv-

ing time from a teacher’s home to each school as the shifter of teacher decisions because

driving time is correlated with teacher supply decisions but is credibly independent of

student outcomes and principal hiring decisions. For the shifter on principal decisions,

we use a measure of unexpected need to hire. We assume that an unexpected increase in

the need to hire reduces a principal’s pickiness uniformly across teacher applicants but

that student potential outcomes do not depend on a principal’s need to hire.

We estimate this three-equation model using Bayesian inference and a Gibbs sampler

as in Geweke et al. (2003). This allows us to leverage the data’s nested structure to

model teachers’ general effectiveness and the unobserved teacher–school match effects

using hierarchical priors so that information on student test scores can be shared among

teachers. The teacher effectiveness andmatch effects are “shrunk” toward thedistributions

derived by the sampling model in proportion to the signal-to-noise ratio, analogously to

Bayesian shrinkage of parameters in ordinary least squares (OLS) estimation.

We find that teachers’ general effectiveness is approximately 9 times more important

than teachers’ comparative advantage in explaining student potential outcomes. The

gains from comparative advantage stem mostly from match effects arising from teacher–

student complementarities on observables, while we find that the role of match effects

on unobservables is limited. Teachers tend to prefer schools with a higher share of high-

income students, as found in Boyd et al. (2011, 2013), and are averse to assignments in the

schools where they would be most effective. On the other hand, principals’ decisions are

2This approach follows ideas and applications developed in Geweke et al. (2003), Heckman and Vytlacil
(2005), Lewbel (2007), Hull (2020), and Agarwal et al. (Forthcoming).
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uncorrelated with teachers’ education, experience, or comparative advantage, but they do

value teachers’ general effectiveness.

We examine different counterfactual assignments of teachers across positions with

attention to constraints that affect the political feasibility of the implied reforms. The

counterfactuals studied are all constrained to alternative assignment only of the district’s

teachers, not teachers from outside the district, and to maintenance of any teacher’s

compensation constant regardless of assignment in the district or performance. In the

counterfactual in which average student achievement is maximized under the further

constraint that no assigned teacher’s welfare is reduced (the “no-quits" counterfactual),

average test scores could increase by up to 7% of an SD over the test scores under the

observed assignments. This figure is only slightly below the potential gains without the

no-quits constraint of 8% of an SD. Crucially, these gains come primarily from matching

teacherswith higher general effectiveness to larger classrooms rather than from leveraging

teachers’ comparative advantage with specific students.

The limited role of teacher comparative advantage in raising test scores is explained

both by the larger impact of general effectiveness than of comparative advantage on

student outcomes and by the constraint that teachers be reassigned given the observed

student classroom compositions. While this assignment would raise average achievement

in the school district, more-advantaged students would benefit more, which implies an

efficiency–equity trade-off. All groups would experience increases in average test scores

under this counterfactual assignment, but the gains would be larger for higher-achieving

students and White students. In other words, maximizing achievement and raising all

student groups’ achievement would widen race- and income-based achievement gaps.

Literature Review: Our paper relates to a recent literature on teacher comparative advan-

tage that uses various notions of optimality to evaluate observed teacher assignments to

schools and classrooms (Condie et al., 2014; Ahn et al., 2024; Aucejo et al., 2022; Delgado,

2023; Biasi et al., 2022; Bates et al., 2024; Ahn et al., 2024; Umosen, 2024). While these

papers typically estimate comparative advantage over a single, dichotomous observable
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student characteristic or do not allow for match effects from unobservables,3 our model

estimates a comprehensive measure of comparative advantage by allowing variation in

effectiveness over a rich set of student observables and unobservables. Other papers

addressing solutions to unequal access to teachers but that do not emphasize teacher

comparative advantage include Combe et al. (2022) and Bobba et al. (2024).

Relative to the existing literature, our paper emphasizes the potential for bias in es-

timated outcomes of unrealized matches due to selection of teachers into schools. We

leverage detailed data from a school district’s ITS, which governs the assignment of teach-

ers to positions in the district. Since we observe the set of open positions to which each

teacher could apply, teachers’ choices of whether to apply, principals’ choices to offer in-

terviews and jobs to applicants, and applicants’ decisions of whether to accept each offer,

i.e., we know each teacher’s and principal’s complete choice set and choices in each stage

of the process (application, interview, offer, and acceptance), we have a rare opportunity

to disentangle teacher decisions from principal decisions and their correlation with stu-

dent outcomes. Stronger assumptions are required for identification if the econometrician

observes only realized matches (He et al., 2024). Moreover, with credible estimates of

teacher effectiveness and utility in hand, we can consider counterfactual assignments that

would create value for both teachers and students, which would make such assignments

implementable and politically feasible.

Much of the teacher value-added literature has focused on potential gains from ter-

minating teachers revealed to be at the bottom of the general-effectiveness distribution

(Staiger and Rockoff, 2010; Chetty et al., 2014a; Rothstein, 2015). By accounting for teacher

comparative advantagewith different kinds of students, beyond general effectiveness, and

considering alternative assignments in addition to terminations, the counterfactuals mod-

eled in this paper correspond to a more complex set of policy options. In addition, while a

large literature focuses on assigning students to schools within a district, our paper looks

at this assignment problem from the other side, i.e., moving teachers around the district

while keeping the students fixed. This approach can be beneficial as moving students is

3Ahn et al. (2024) andUmosen (2024) estimatemultidimensional value-addedmodels that capturematch
effects over several observable student characteristics, but do not include unobservable match effects.
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costly to families and school districts (Laverde, 2024; Angrist et al., 2024), and its impacts

on student outcomes is mixed (Campos and Kearns, 2024; Angrist et al., 2024; Deming,

2011; Deming et al., 2014).

Similarly to Van Dĳk (2019), Agarwal et al. (Forthcoming), Kapor et al. (2024), and

Abdulkadiroğlu et al. (2017), our paper evaluates the outcomes-based performance of

assignment mechanisms rather than focusing on welfare criteria alone. While traditional

market design emphasizes welfare measures in evaluating assignment mechanisms, pol-

icymakers may have different considerations. In our case, school districts may want to

affect student learning but, crucially, must consider teacher welfare when assigning teach-

ers to classrooms. More generally, our paper relates to research on optimal assignment

of talent within organizations and the public sector. This includes allocations of police

officers to neighborhoods (Ba et al., 2021), of surgeons to hospitals (Mourot, 2025), and

of managers, workers, and bureaucrats to teams and tasks (Osterman, 1984; Prendergast

and Topel, 1996; Minni, 2024; Fenizia, 2022; Cowgill et al., 2024; Davis et al., 2023).

2. Background, Data, and Empirical Evidence

2.1 Institutional Details
Our study focuses on a large, diverse urban school district in the U.S. Midwest. According

to our analysis from the National Center on Teacher Quality (2022), seven in 10 large U.S.

school districts, including the district we study, delegate authority to school leadership to

choosewhowill fill open teaching positions at a given school. Open teaching positions can

arise because of the creation of new positions, retirements, or quits or firings of incumbent

teachers. Incumbent teachers within the school district typically fill most open positions

through the internal transfer mechanism. External candidates can also fill vacancies, but

only after internal candidates are considered, as specified in the collective bargaining

agreement of the school district.4

Thispaper focuses on the scope for student learninggains throughwithin-district trans-

fers of incumbent staff preserving the policy that teacher salary not vary across schools in

4At least 40% of large U.S. school districts explicitly prioritize internal transfer candidates over external
hires when filling open positions (National Center on Teacher Quality, 2022).
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the same district, one of the less disruptive and more politically feasible changes among

the menu of possible reforms to teacher assignment policy. Many institutional forces

make it unattractive to teachers to change districts. In addition to the usual disruption

from changes to their health insurance and perhaps pension plans, teachers’ seniority and

tenure status may not transfer to another school district.5

Guided by a collective bargaining process with the teachers’ union, themanagement of

the school district that we study created a centralized ITS to govern its matching process

and serve as a clearinghouse of its internal labor market. The process comprises two

successive rounds of applications, interviews, and offers in the spring of each academic

year. Each round involves the following steps. First, based on district projections of school

enrollments and budgets and incumbent teachers’ commitments to retire or take leave,

each school posts its vacancies on the ITS for the coming year. Second, any incumbent

teacher can apply to any vacancies within the school district for which her licenses qualify

her.

After the application window closes, the school district checks each applicant’s eli-

gibility for the positions to which she has applied, and the system automatically grants

interviews to the four most senior applicants for each vacancy, per the collective bargain-

ing agreement. Then, for each vacancy, each school principal reviews these automatic

interviewees and the remaining applicant pool and can choose up to four additional ap-

plicants for interview, yielding a maximum of eight interviewees per position. While

schools can abstain from interviewing any of the four most senior applicants, they would

lose the option to make an offer to any applicant outside this group. If they decide to

interview only a subset of the most senior applicants, they have to invite them in order

of seniority. When principals evaluate an applicant, they can observe the applicant’s CV.

The district recommends a default format that includes information on the applicant’s

education, employment history, and other qualifications.

After interviews, each principal can submit a ranking of up to four interviewees to the

5In contrast, Biasi et al. (2022) consider cross-district teacher mobility and differentiation of a teacher’s
pay across schools in the same district. Bates et al. (2024) also study the effect of introducing bonus pay in a
similar two-sided matching model.
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district via the ITS. Next, the system automatically and simultaneously emails offers to

the first-ranked interviewee for each position across all principals in the district. Thus, an

applicant can receive zero, one, or multiple offers at this stage. Offerees have 48 hours to

accept up to one offer. After 48 hours, the ITS automatically withdraws unaccepted offers

and emails an offer to the second-ranked interviewee for each open position. This process

repeats until each position’s ranked list is exhausted or all positions are filled. Within

a round, no teacher can renege on a previously accepted offer. After the first round is

completed, any vacancies that remain or new vacancies that arise from transfers during

the round can be posted in the second round. The whole application, interview, ranking,

and offer process repeats again. After the second round, any vacancies become open to

both external and internal candidates.

2.2 Administrative Data
We use data from the ITS from 2010 to 2019 and merge in additional data on student

outcomes for these years. In particular, we observe the vacancy postings, applications,

interview decisions, rankings, offers, and acceptances. In addition, for each teacher, we

observe seniority rank, experience, education, ethnicity, race, gender, and current position

assignment for every year. We also observe each teacher’s home address each year,

allowing us to measure the driving time to each open position in a teacher’s choice set.6

A position assignment is a school–grade–position type combination, such as “third-

grade math teacher.” Because we observe teacher licenses, we can accurately measure

each teacher’s choice set each year. Accurately defining the choice set is important, as

emphasized by Almagro and Sood (2025), who show that inaccurately specifying choice

sets leads to biased utility estimates. To decide which positions to include, we use the

district’s internal formal value-added system as a guide, including positions that the

district evaluates for math and reading effectiveness and excluding others.7

We restrict attention to grades 4–8 to measure teacher effectiveness most reliably. This

6We geocode teacher and school addresses and measure driving times using the Google Maps API.
7This leads us to include the following position types: 7th GradeMath, ElementaryMath, Algebra/ Inte-

gratedMath, General Elementary Education, Elementary Reading, Secondary Reading, andComprehensive
Language Arts.
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Table 1: Descriptive Statistics for Teachers & Internal Transfer System

Mean or Percentage

Panel A: Teacher Demographics All Teachers Teachers in ITS
% male 25.2 22.8
% Black 8.5 10.0
% Hispanic 3.3 2.9
% White 79.2 81.0
% Asian 4.4 4.3
Years of experience 13.4 11.2
Years of education 5.0 5.0
Years in sample 4.0 4.4
Teacher count 823 421
Teacher–year count 3,268 1,861

Panel B: ITS – Teachers Teachers in ITS
Size of position choice menu 36.5
Applications submitted 6.7
Number of interviews 3.4
Number of times ranked 1.5
Number of offers 0.8

Panel C: ITS – Open Positions Positions in ITS
Number of potential applicants 213.7
Number of applicants 4.8
Number of interviews 2.5
Number of offers 0.6
Position count 972

Note: Panel A shows the mean or percentage of a teacher characteristic for all the teachers in the sample
in the left column and for all the teachers who ever applied to a position in the ITS in the right column.
For teachers who are ever found in the ITS, we average their characteristics for every year they are in the
sample between 2010 and 2019, including those years they are not found in the ITS. Panel B shows the mean
characteristic for teachers who applied to an open position in the sample, while Panel C shows the mean
characteristic of an open position.

restriction is standard in the literature because (1) job assignment in these grades provides

a strongmatch to tested students and (2) students are mandated to take standardized tests

in these grades and the prior grades. We drop teachers working less than half time to

ensure that a teacher spends a significant number of hours with the matched students.
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The sample contains 823 teachers. They are observed in 4 years, on average, for a

total of 3,268 teacher–year observations (Table 1, Panel A). Just over half the teachers ever

participated in the centralized ITS by applying to at least one open position between 2010

and 2019. Two-thirds of the teachers are women. Most—about 80%—are White, followed

by 9% who are Black. Teachers average 13 years of experience and 5 years of higher

education. Teachers who apply for transfers are less experienced on average. Teachers

who seek a transfer apply to an average of 7 positions per year-round out of 37 positions for

which they are eligible (Panel B). On average, applicants receive interviews for 3 positions,

are ranked by principals for 1.5 positions, and receive 0.8 offers.

On the other side of the market, the ITS included 972 vacancy postings for grades 4–8

from 2010 to 2019.8 Though 214 teachers are eligible for the average posting, each position

on average attracted approximately 5 applicants (Panel C). The propensity of qualified

teachers not to apply motivates the inclusion of an inertia term in our model. An average

of 2.5 applicants were interviewed and 0.6 offers made for each position (Panel C).

For each student in each academic year, we observe state-mandated standardized

test scores in math and reading and their grade, school, demographic characteristics

such as race, ethnicity, and gender, indicators of English language learner status, special

education status, and eligibility for free or reduced-price lunch (FRPL), which proxies

for low household income. The sample includes 35,608 students in grades 4 through 8

in 54 schools between 2009 and 2019. Approximately a third of the students are Black,

and a third are White. Hispanic students constitute approximately 20% of the sample.

In contrast, more than 80% of teachers are White. Last, for each school–year, we observe

teacher, school, principal, and student characteristics that potential hires may value or

that may influence the principal’s taste for hire types.9

2.3 Empirical Evidence
To motivate our model and counterfactual exercises, we begin by examining the observed

assignment of teachers to schools and the transfer patterns of teachers over their careers.

8Vacancy postings are restricted to positions requiring more than a half-time schedule.
9See Appendix Table D.1 for additional school-level descriptive statistics.
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In Figure 1, Panel A, we find that teachers with more experience tend to serve in positions

at schools with a higher share of White students, a greater share of students proficient in

mathematics, and a lower share of low-income students. The decisions of teachers and

schools during the transfer process partially explain the patterns observed in the figure,

although other processes, such as initial matches and differential retirements, may also

contribute to these patterns.

Focusing on teachers who transferred schools between 2010 and 2019, we observe that

teachers tend to move to schools with a higher share of White students, a higher share of

students proficient in mathematics, and a lower share of low-income students than those

of their prior school (Figure 1, Panel B), although there is considerable heterogeneity

across these measures. This finding is consistent with the evidence in the literature that

teachers of more disadvantaged students are likelier to transfer to other schools (Boyd et

al., 2005; Scafidi et al., 2007; Goldhaber et al., 2011; Isenberg et al., 2022; Goldhaber et al.,

2019).

The observed teacher–school assigned equilibrium arises from the joint decisions of

schools and teachers in the transfer process, and itmayormaynot be alignedwith teachers’

comparative advantage. Without a structural model, the role of teachers’ decisions cannot

be disentangled from that of principals’ decisions in producing the observed assignments

reflected in Figure 1. In section 3, we build a two-sided matching model to disentangle

the joint decisions of principals and teachers in the transfer process and their correlation

with student outcomes. In addition, even if teachers have incentives to sort into positions

in which they have the most impact and principals want to hire the teachers with the

largest impact on their students, these are unlikely to be the only considerations valued

by either of the agents. Principals’ lack of discretion over the setting of wages within the

school district or laying-off of less effective tenured teachers may also push the realized

assignments away from the student achievement–maximizing assignments. Our model

below quantifies the degree to which sorting patterns are correlated with student gains

in this market, what an assignment that maximizes student achievement would look like,

and how test score gains can be produced under alternative assignments. Our two-sided
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Figure 1: Teacher Transition Characteristics

A: Experience Profiles B: Transition Histograms

Note: Panel A shows the mean and 95% confidence intervals of a school characteristic at the school to which
teachers are assigned with each year of experience. Panel B restricts the sample to teachers who changed
schools between 2010 and 2019, and it plots the histogram of the difference in school characteristics between
the destination and origin schools. The vertical line is the mean difference. “pp” stands for percentage
points.
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matching model jointly models student achievement and teacher and principal decisions

to determine the alternative teacher assignments that maximize student outcomes.

3. Model
We jointly model students’ outcomes and teachers’ and school principals’ decisions to

incorporate the potential for selection of teachers into schools. Equation 1 describes the

learning outcome of student k ∈ K when she is assigned to teacher i ∈ I at school s ∈ S.

Yki � fY(wk , vi , xs , θi , η
y
is) (1)

where wk , vi , and xs are the observable student, teacher, and school characteristics, re-

spectively. The model captures the effects of teacher–student matching on observables

by including interactions between the characteristics in wk and vi . θi is teacher i’s unob-

served general (context-independent) effectiveness net of the effect of the characteristics

in vi . η
y
is is the match effect on unobservables between teacher i and the students in school

s. This match effect reflects that some teachers may thrive in environments with certain

leadership styles or with students of a specific unobservable type that aremore prominent

at school s. We assume that the teacher–school match effects are constant over time.

We model the decisions of teachers and principals in the transfer process using a

latent variables framework, representing both teacher utility andprincipal expectedutility.

Equation 2 describes teacher i’s utility from an assignment in school s. Uis is a function of

the observable teacher and school characteristics and the interactions between these. zu
is is

a vector of the observable teacher–school-level characteristics that are excluded from the

outcomes model and the principal decisions model. ηu
is represents an idiosyncratic taste

shock of teacher i for school s.

Uis � fU(vi , xs , zu
is , η

u
is) (2)

Dis � fD(vi , xs , zv
is , ϕi , η

d
is) (3)

Equation 3 describes school s’s willingness tomake a job offer to teacher i. Dis depends
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on observable teacher and school characteristics and interactions between them. zv
is is a

vector of observable teacher–school characteristics that are excluded from the outcomes

model. This model also includes a teacher-level unobservable term, ϕi , capturing the

unobserved attractiveness of teacher i that is common across schools and time, and a

shock to school s’s taste for teacher i, ηd
is .

Sources of Selection. The interactions between teacher and school observable characteris-

tics in both of the choice models (Equations 2 and 3) capture the heterogeneity in the same

dimensions as the model of student outcomes (Equation 1). The parameters associated

with these interactions allow us to capture selection on student gains via several observ-

able components. For example, the models allow for a differential impact of teachers on

students depending on whether both share the sameminority status. Similarly, the model

allows school principals to have a taste for teachers of the same minority status as the

majority of the student body and for teachers to prefer to teach at schools with larger

shares of students who share a teacher’s minority status.

Similarly to Agarwal et al. (Forthcoming) but in contrast to the previous education

literature, on the unobserved side, we allow for correlations between the teacher–school

match effects in student outcomes and idiosyncratic shocks in teacher and principal de-

cision models (ηy
is , η

u
is , η

v
is). It is important to allow for match effects from unobservables

in the model because while it includes a rich set of characteristics to capture match effects

from observables, these may still miss some unobserved dimensions that give rise to com-

parative advantage. A positive correlation between ηy
is and η

u
is would imply that teachers

tend to value schools at which they have a comparative advantage. A positive correlation

between ηy
is and η

v
is would imply that principals tend to make job offers to teachers who

are especially effective at teaching their particular students. Moreover, we allow for a

correlation between a teacher’s general effectiveness, θi , and principals’ common unob-

served taste for the teacher, ϕi . A positive correlation between θi and ϕi would indicate

that principals tend to value teachers with higher levels of general effectiveness.

3.1 Model Parametrization
The parametrized version of Equation 1 is
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ykit � wktα + vitµ
y
+ xstζ

y
+ ckitβ

y
+ θi + η

y
is + ε

y
kt (4)

where ykit is the standardized test score of student k in year t when she is assigned

to teacher i. Similarly to the traditional value-added models, student outcomes are a

function of a rich set of observable student and school characteristics that may change

over time (wkt , xst). wkt includes a flexible polynomial on the student’s past test scores

and demographic characteristics, and xst includes averages of classroom characteristics.10

The model also includes observable teacher characteristics (vit), namely, teacher ex-

perience, education, and race or ethnicity. The vector ckit includes interactions between

selected characteristics in wkt and vit and captures the match effects in teaching arising

from observable teacher and student characteristics.

In addition to the interactions on observable characteristics, the model includes the

unobserved teacher general effectiveness, in θi , and the match effects from unobservables

at the teacher–school level, ηy
is . θi and η

y
is are assumed to be normally distributed with

a mean of zero and variances that we estimate. εy
kt is a shock specific to the student and

year. χy � (α, µy , ζy , βy) denotes the vector of coefficients in the outcomes model.

The parametrized version of Equations 2 and 3 is given by

uist � xstζ
u
+ qistβ

u
+ zu

istφ
u
+ γIist + η

u
is + ε

u
ist (5)

dist � vitµ
d
+ qistβ

d
+ zd

istφ
d
+ ϕi + η

d
is + ε

d
ist (6)

where uist is a function of the school’s observable characteristics. The interactions between

school and teacher characteristics in the vector qist map to interactions in the model of

outcomes. zu
ist is the driving time between teacher i’s home and a school s. This driving

time serves as a supply shifter and is included in the model of teacher decisions but is ex-

cluded from the model of student outcomes and the model of principal decisions. Section

4 discusses the assumptions and identification arguments behind this shifter. The model

also includes school fixed effects, capturing each school’s unexplained attractiveness to

10A list of all the variables included in the model can be found in Appendix Table D.4.
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teachers that is common across teachers over time.

Because teachers face the decision of whether to apply for a transfer within the school

district each year, we include an inertia term in teacher utility that captures the cost to

teachers of changing jobs. This includes the value teachers place on not having to update

their CV, change their routines, form new networks and friendships, and generate new

teaching material in a new environment. We assume the value of inertia is the same for

all teachers. The inertia cost is given by the parameter γ. Iist is an indicator variable

that turns on for a teacher’s current position. Finally, εu
ist is a shock specific to a teacher,

school, and year. Let χu � (ζu , βu , φu , γ) denote the vector of coefficients in the teacher’s

decisions model.

dist depends on the observable teacher characteristics and interactions between school

and teacher characteristics in the vector qist . The unobservables ηd
is and ϕi are assumed

to be normally distributed with a mean of 0 and variances to be estimated. Let χd �

(µd , βd , φd) denote the vector with the coefficients in the teacher decision model.

We do not impose restrictions on the correlation structure of the unobservables, andwe

further assume (θi , ϕi) iid i∼ N(0,Σθϕ) and ηis � (ηy
is , η

u
is , η

v
is)

iid is∼ N(0,Ση). In addition,

ε
y
kt

iid kt∼ N(0, σ2
εy), εu

ist
iid∼ N(0, 1), εv

ist
iid∼ N(0, 1). The latter assumptions imply that any

correlations in time over teacher or principal decisions are captured by the preference over

observable characteristics or by the variables ηu
is and η

v
is .

The parameters to be estimated are the coefficients of the observable covariates in χy ,

χu , and χd , the variance–covariance matrices Σθϕ and Ση, and the variance σ2
εy .

4. Identification and Estimation

4.1 Mapping the Model to the Data
We estimate the model parameters using the decisions of teachers and principals in the

transfer system and the test scores of students under the observed teacher–classroom

matches.11 While we have described our model as one in which teachers and principals

11The data actually reveal matches only at the school–grade–year level. If this level contains observations
from multiple classrooms, all the assigned teachers, that is, the school–grade–year team, contribute to the
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are on each side of the market, in practice, each school can have more than one position

open in the ITS concurrently. Consequently, we estimate a model at the position level

such that teachers have preferences over positions within a school and school principals’

preferences over teachers are position specific. Since all the parameters in our random-

utility models are school specific, any within-school position-level disagreements will be

captured by variation in the error terms. These situations may capture instances in which,

for example, a teacher applies to only one of two open positions at a school, indicating she

finds one position more appealing than the other within that school.

Teachers’ Decisions. At the end of each academic year t, every teacher who had an

assigned teaching position within the school district can decide to apply for a transfer. We

observe the licenses of every teacher each year and the licenses required for every open

position in the ITS. With this information, we create a menu of positions for each teacher.

Since we observe 10 years of data and two rounds of hiring each year, we build at most

20 menus per teacher and can observe the decisions in each case. On average, teachers’

school menus have 37 schools, and conditional on their applying at all, teachers apply to

an average of 7 positions in each round (Table 1, Panel B).

Note that each year a number of teachers who had an assigned teaching position learn

that they lost their assignment. This happens if enrollment at a school falls below a certain

level, requiring a reduction in budget and staffing. If this occurs, the principal chooses

the teacher who loses her assignment, which is called being “excessed.” In principle,

seniority protects teachers from losing their assignment, and more junior teachers are at

risk of excessing. Principals also have the option to push probationary teachers out of their

school each year. A teacher who loses her school assignment and wants to find a new one

within the district goes to the ITS to search for a new position for the next academic year.

Our data identify which ITS applicants had lost their prior assignment andwhich did not.

In our sample, approximately 41% of the teachers searching for a match in the ITS each

year had lost their assignment. For these teachers, the value of remaining unassigned after

the ITS process ends is the expected value of the match they expect to find in the scramble

students’ learning gains. The changes in teachers’ teams identify their individual effectiveness.
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round, in which every unmatched teacher must match with a remaining position, or the

next round (only in the case of round 1). In contrast, a teacher who did not lose her

assignment has her current position as her fallback option. Consistent with this part of

the ITS process, we assume that, in each round, a teacher applies to every position on her

choice menu that she prefers to her fallback option, net of inertia. The inertia cost applies

only to teachers who did not lose their position.

At the application stage, we assume that teachers consider all the positions on their

choicemenu. This means they are aware of all these positions and can compare them. The

teaching positions in our sample tend to follow standard descriptions and are differenti-

atedmainly by the school and position type. Both are easily observable characteristics that

a teacher probably has an understanding of before coming to the ITS in a given year. We

also assume that there are no application costs for teachers. This assumption is motivated

by the infrastructure of the platform that collects applications. An applicant uploads

a resume in standardized format and the other required information to the centralized

system once and clicks to apply to each position of interest. The system then distributes

the applicant’s packet to the hiring team for each position to which she has applied.

In the data corresponding to the stage at which teachers receive offers, we observe a

subset of teachers who receive multiple concurrent offers and choose one. We assume

teachers choose their preferredoffer. Weuse this choice as an additional source of variation

to estimate teacher preferences. Given these data, the strategic environment, and the

counterfactuals we aim to model, we will interpret our model of teacher decisions as a

model of teacher preferences.

School Principals’ Decisions. For each open position in school s, we use the data on

the position-specific rankings of interviewed teachers by school principals to estimate

Equation 6 and assume dist is decreasing in the rankings, with candidates interviewed but

not ranked having the lowest values of dist 12:

dR1s ≥ dR2s ≥ · · · ≥ dRk s ≥ 0, and dR j s ≥ dR0s for 1 ≤ j ≤ 4

12We omit the subscript t in the following inequalities for simplicity, in addition to omitting the position
subscript.
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where k ≤ 4 and Rk ∈ Is is the teacher ranked in kth position by s for the open position in

question and Is is the set of teachers interviewed by s for that position. R0 ∈ Is represents

any candidate interviewed by s for the position but not ranked. We further assume that if

s did not rank all interviewed candidates and the principal ranked fewer than 4 candidates

for a position, then dR0s ≤ 0. This represents the case of a principal who decided not to

rank an interviewed candidate even when the rank-ordered list had not been exhausted.

We do not interpret the model of principal decisions as a model of principal utility

because principalsmay have strategic considerationswhen deciding how to rank teachers.

Importantly, modeling principal decisions is sufficient for our purposes. The model

and counterfactual policies do not require separate identification of principal utility and

beliefs. Given the mechanism design, a principal may optimally choose to skip attractive

candidates if she believes the candidates are unlikely to accept their offer because this will

reduce her chance of securing lower-ranked candidates in that round. To capture selection

of teachers into schools, the ideal variation would pin down the correlation between

the teacher and principal decisions that determine matches and student outcomes. If

principals’ utility deviates from their decisions because principals act strategically, then

a model of principal utility is ill suited for dealing with the selection issues inherent in

the model. Rankings, on the other hand, map into matches given how the offer process

is structured. Thus, we interpret the latent variable in the model of principal decisions

as principal expected utility combining both preferences and subjective probabilities of

attracting a candidate.

4.2 Identification
To identify the joint distribution of decisions and outcomes, we need variation that lets

us separate teacher general effectiveness, defined as the average impact of each teacher

on student test scores, from any teacher–position match effects. The central challenge for

identification relates towhether teachers are systematicallymatched to schoolswithwhich

they have high (or low)match effects. To address this challenge, our identification strategy

uses shifters for teacher and principal decisions that are unrelated to students’ potential

outcomes. By introducing a degree of randomness (variation conditionally independent
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of students’ potential outcomes) into these decisions, the shifters help identify var(ηy
is)

and pin down the distribution of match effects from the population of quasi–randomly

assigned teachers, using cross-teacher variation in effectiveness that is not constant across

schools. Selection on unobservables is pinned down by cov(ηy
is , η

u
is) and cov(ηy

is , η
v
is). We

identify these quantities by comparing the outcomes of quasi–randomly assigned and

selected teachers.

A second source of selection in our model arises because principal decisions are ob-

served only for (a subset of) the teachers who applied for a position at the school. Because

teacher decisions to apply are not random, inferring principal preferences and their cor-

relation with student outcomes from decisions over a selected sample of teachers may not

extrapolate to other teachers. To account for any correlation between teacher and principal

preferences that do not map onto the observables in our model, we introduce variation in

teacher utility that is excluded fromprincipal decisions. Teachers exposed to this variation

are likely to apply to schools by virtue of the shifter and, from the perspective of schools,

represent a quasi-random sample of teachers because they are not especially attractive or

unattractive candidates, which allows us to extrapolate to the aggregate teacher sample.

Formally, we require both shifters, zu
ist and zd

ist , to be conditionally independent of

(ηis , θi , ϕi) and the error terms (εu
ist , ε

d
ist , ε

y
kt). Moreover, zu

ist is assumed independent of

zd
ist . This implies that the shifters do not affect the distribution of potential outcomes

but only affect observed outcomes by affecting the assignment of teachers to classrooms.

Similarly, zu
ist does not affect the distribution of dist but only affects the realized dist by

affecting the set of teachers whom a principal is able to interview.

This strategy builds on a large literature on selection models that jointly model out-

comes and choices to estimate treatment effects corrected for selection bias (Geweke et al.,

2003; Heckman and Navarro, 2007; Lewbel, 2007; Hull, 2020). More closely, our strategy

builds on the work by Walters (2018) and Agarwal et al. (Forthcoming), who use shifters

to evaluate outcomes from assignment mechanisms. Because we allow the teacher effects

to be school specific, these match-specific benefits result in a large number of treatments.

Our strategy helps identify the distribution of match-specific treatment effects, as in Agar-
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wal et al. (Forthcoming). Our identification strategy extends the ideas in these papers

to a situation where an assignment is produced by the joint and possibly selected deci-

sions of two agents on both sides of the market. The exogenous supply shifter separates

teachers’ decisions from student outcomes and from school principals’ decisions. The

exogenous shifter of principal decisions separates these decisions from student outcomes.

Each shifter helps identify the correlation between decisions and outcomes and does so

by introducing a degree of randomness in decisions.

Teachers’ Utility Shifter: Weuse the driving time inminutes from a teacher’s residence to

each school in her choice set as a shifter of teacher utility (zu
ist).13 We expect that teachers

place a higher value on job opportunities closer to their homes, as these represent lower

commuting costs. Plotting the probability of application against driving time reveals that,

conditional on teachers’ applying to at least one job, their probability of applying to a

school significantly decreases as driving time increases (see Figure 2).

For exclusion, we require the shifter to be independent of student potential outcomes

andprincipal decisions. We assume zu
ist is conditionally independent of the unobservables

in the models of outcomes and principal decisions. This implies that teachers do not sys-

tematically choose to live near the schools where they have an unobservable comparative

advantage. Similarly, teachers do not select their residences based on their attractiveness

to potential principals, and principals do not consider teachers’ residential locations when

making offers.14 In terms of exclusion fromprincipal decisions, the audit study ofHinrichs

(2021) provides evidence supporting the assumption that school principals do not have

preferences over teachers’ commuting time.15

13The mean driving time between teacher residences and all open positions is 19 minutes in the sample,
far below the 2017 U.S. average work-to-residence commuting time of 27 minutes. The U.S. median was 18
minutes, and the 95th percentile driving time is 36 minutes. Source: 2018 American Community Survey
1-year estimates.

14Intuitively, to uncover the direction and magnitude of selection by teachers, the method contrasts the
effectiveness of teachers living closer to their school, whose choices to teach at the school are assumed to be
driven more by proximity than by selection on effectiveness, with the effectiveness of teachers living farther
from their school, whose choices are assumed to be more driven by selection on effectiveness. A finding
that the former are less effective than the latter would be interpreted as positive selection.

15Hinrichs (2021) randomly assigns fictitious new teacher applicant characteristics to resumes submitted
in application for teacher job openings and measures the effects on actual principals’ positive responses,
such as callbacks. Although the published version of the paper does not contain this result, Hinrichs states
in email correspondence that he controlled for a cubic of distance along with an indicator for a teacher’s
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Figure 2: Probability of application as a function of driving time from home to school

Note: This figure plots the probability of application by teachers as a function of the driving time from

their home to the school with open positions, conditional on having applied to at least one open position.

School Principals’ Decisions Shifter: We use a measure of the principal’s unexpected

need to hire (zv
ist) as a plausibly exogenous shifter of the principal’s willingness to hire a

teacher. The ideal shifter of principal choices zv
ist would move the principal’s selectivity

threshold but not the students’ potential outcomes. We measure the urgency of the

principal’s need to hire as the difference between the number of positions a school posts

in a given round and the number posted in the first round each year. For the first round,

the shifter is always zero, and for the second round, it takes the value of the difference

between second-round and first-round openings.

A large difference between second-round and first-round postings can arise when a

principal is surprised with a larger than expected number of open positions that she

needs to fill and cannot be as selective as in other years or as other schools in that year.

It represents an unexpected surge or sag in the need to hire driven in large part by

first-round selection processes at other schools. Other principals’ decisions dictate the

other offers available to the school’s first-round offerees and to the school’s incumbents

being in-state. In the public school subsample, none of the three distance coefficients was significant, and
an F-test for the joint significance of the three distance coefficients gave a p-value of 0.635.
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Table 2: Expected Position in the Principal Ranking and Principal Decisions Shifter

Interview Ranking

(1) (2) (3) (4)

Delta ITS rounds -0.074 -0.078 -0.083 -0.082

(0.026) (0.027) (0.031) (0.031)

Observations 1075 1075 1075 1075

Teacher FE Y Y Y Y

Year FE N Y N Y

School FE N N Y Y

Note: This table shows coefficients from a linear regression of the instrument Delta ITS rounds on
the ranking of interviewed candidates. The data includes every teacher-position combination where a
teacher was interviewed and ranked. We include teacher fixed effects in all specifications. Columns (2)
and (4) also include year fixed effects, while columns (3) and (4) include school fixed effects.

who sought internal transfer in the first round. While, for each school, the number of

first-round postings is the result of known information,16 an unusually high number of

second-round postings relative to the number of first-round postings signals a shock to the

principal’s hiring urgency. This occurs if a principal unexpectedly lost incumbent teachers

to other schools in the first round or if she was not successful in filling positions in the

first round. With the number of applicants held fixed, a principal with more vacancies in

the second round cannot be as choosy.

We assume that, as the principal’s unexpected need to hire in the second round (zv
ist)

increases, so does the probability that she will rank a given applicant higher or will rank

a candidate at all. The average difference in postings between rounds two and one is 0.3

positions with an SD of 1.2 and a range from -4 to 7. A regression of each candidate’s

position in a school’s ranking as the unexpected need to hire increases, that includes

16Before the first round, each principal goes through a process to determine how many hires she needs
to make. Well before the round opens, incumbent teachers must declare whether they will retire or take a
leave of absence next year. Incumbents can, but are not required to, disclose whether they intend to seek
a transfer. Central administration projects student enrollment and budget and informs each principal how
many teacher positions it will have funded in the next year. The principal decides on any discretionary
dismissals of probationary teachers and any teacher layoffs due to closed positions (excesses). The difference
between budgeted positions and continuing incumbents is the number of openings. The principalmust post
the openings in the first round so incumbents at other schools have the opportunity to apply for transfer
before external hires are considered.
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teacher, school, and year fixed effects yields an estimated coefficient on the shifter of -0.08

(Table 2, column 4). Thus, all else equal, a candidate is expected to be ranked higher as

the schools’ need to hire increases. These results are robust to alternative specifications

with fewer fixed effects.

For exclusion, we assume that teachers do not value principals’ unexpected need to

hire when making their application or acceptance decisions. We assume that, if princi-

pal pickiness changes, all applicants’ probability of hire changes and that the change is

independent of the applicants’ general effectiveness θi and comparative advantage ηy
is .

4.3 Estimation Strategy
We estimate the joint distribution of χy , χu , χd and the variance–covariance matrices

Σθϕ ,Ση, and σ2
εy using a Gibbs sampler and assuming conjugate uninformative priors

(Gelman et al., 2013). Using this method, we generate draws of the joint distribution of the

parameters and latent variables in the model. We draw 110,000 iterations of the sampler,

burn 50,000 initial iterations, and keep only 1 of every 10 draws to reduce autocorrelation

in the chains. We inspect the chains for convergence before reporting the results.

5. Results

5.1 Estimates
Wenow present themean and SD of the posterior empirical distribution of the parameters

in themodels of student outcomes, teacher preferences, and principal decisions, as shown

in Tables 3, 4, and 5.17 Although we estimate the models using a comprehensive set

of characteristics for teachers, students, and schools, the tables above display only the

parameter estimates for a selected subset of these characteristics. For parameter estimates

on all the characteristics, please refer to Appendix Tables D.9, D.10, and D.11.

Student Outcomes. Our first key finding, displayed in Table 3, is that a teacher’s general

effectiveness has a significantly larger effect on student outcomes than does her observed

17Our estimation derives the empirical joint posterior distribution of the model parameters. We provide
the mean and SD of the normal marginal distribution for each parameter. In contrast to the frequentist
approach, which emphasizes statistical significance, presenting the mean and SD allows us to visualize the
complete distribution of the posterior.
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and unobserved comparative advantage. Panel A shows that students with lower past test

scores, male students, low-income students, andnon-White students have lower test scores

in a given year. Teacher gender and experience also affect student test scores, but their

predicted effect is approximately an order ofmagnitude smaller than that of students’ own

characteristics (Panel B). A lower low-income student share in the school also increases the

student test scores (Panel C). The effects from teacher–student match on observables also

affect student test scores (Panel D). We estimate that a match between teacher and student

on gender improves student scores slightly. The literature has foundmixed results on this

question (Dee, 2007; Antecol et al., 2015). A teacher–student match on minority status

(here defined as their being non-White) has a positive and smaller estimated effect. We

also find that more educated and experienced teachers have a comparative advantage in

teaching minority and low-achieving students, in contrast to the equilibrium assignment

patterns we observe in the data (Figure 1).

Importantly, the student outcomes model estimates imply that a 1 SD improvement

in teacher general effectiveness (θi) increases the normalized student test scores by ap-

proximately 0.08 SD. Our teacher general effectiveness estimates are slightly smaller than

the estimates in Chetty et al. (2014a), but they do not account for match effects in their

model, which might drive this variation in their estimates with respect to ours. The

impact of match effects from unobservables (ηy
is) on student test scores is orders of mag-

nitude smaller than the match effects from observables (Panel D) and teacher general

effectiveness.18

Teacher Utility. Our second key finding, displayed in Table 4, is that teachers value the

school’s student characteristics and is consistent with the suggestive evidence (Figure 1)

that teachers, especiallymore experienced ones, prefer schoolswith fewer low-income and

minority students. Teachers prefer working in a school with a high fraction of experienced

colleagues. In addition, teachers stronglyprefer teaching students of their own race. While

teachers have no preference over the overall share of minority teachers in a school, they

value working with colleagues of the same race. Furthermore, more-educated teachers

18Note that we report the SD, not the variance, of θi as well as ηy
is for easier comparison with estimates

from the literature.
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Table 3: Estimated Parameters of the Student Outcomes Model

Mean Std. Dev.
Panel A: Student Characteristics
Previous score 0.770 0.001
Race – Black -0.126 0.003
Male -0.012 0.002
Low income -0.142 0.005

Panel B: Teacher Characteristics
Male -0.020 0.005
Education -0.003 0.002
Experience 2 to 3 0.020 0.004
Experience 4 to 6 0.022 0.005
Experience 7+ 0.027 0.005

Panel C: School Characteristics
% Low income -0.023 0.018

Panel D: Student–Teacher Interactions
Match minority student 0.003 0.002
Same-gender student 0.005 0.002
Teacher education * Student minority 0.005 0.002
Teacher education * Student previous score -0.003 0.001
Teacher experience * Student minority 0.002 0.002
Teacher experience * Student previous score -0.002 0.001

Std. Dev. of teacher general effectiveness (θi) 0.0815
Std. Dev. of teacher–school unobservables match effectiveness (ηy

is) 3.5e-04

Note: The table shows the mean and the standard deviation of the estimated chains of the parameters of
the student outcomes model (Equation 4). Panel A presents the parameters associated with student’s own
characteristics. For the race dummy, the omitted category is White. Panels B and C present the parameters
associated with the teacher and school characteristics. Panel D presents the parameters associated with
the interaction between student and teacher characteristics. Minority is defined as non-White. Note that
we report the standard deviation, not the variance, of θi as well as ηy

is . See Appendix Table D.9 for the
parameter estimates for the full set of characteristics.

prefer teaching higher-achieving students.

As expected, teachers dislike teaching farther from their homes, and the driving time

parameter—the teacher utility shifter—is negative. Additionally, teachers face significant

inertia costs when facedwith the option of a transfer. Themean inertia parameter estimate
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Table 4: Estimated Parameters of Teacher Utility

Mean Std. Dev.
Panel A: School Characteristics – Students
% Low income -0.100 0.049
Average test scores 0.010 0.120
% Black -0.219 0.348

Panel B: School Characteristics – Teachers
% Black 0.290 0.369
Average teacher experience 0.047 0.020
Inertia 3.582 0.034

Panel C: Teacher–School Interactions
% of students match minority 0.499 0.049
% of teachers match minority 0.454 0.049
Teacher education * Average test scores 0.119 0.028
Teacher education * % minority 0.098 0.022
Teacher experience * Average test scores -0.062 0.037
Teacher experience * % minority -0.318 0.026
Teacher experience * Average teacher experience 0.008 0.013

Panel D: Shifter
Driving time -0.010 0.001

Std. Dev. of idiosyncratic taste shock for schools (ηu
is) 0.493

Note: The table shows the means and standard deviations of the estimated chains of the parameters of the
teacher utility model (Equation 5). Panels A and B present the parameters associated with the school’s
student and teacher characteristics, respectively. Panel C presents the parameters associated with the
interaction between the teacher and school characteristics. Minority is defined as non-White. In Panel D
we present the shifter. Driving time is measured in minutes. We report the standard deviation, not the
variance, for ηu

is . See Appendix Table D.10 for the parameter estimates for the full set of characteristics.

(3.6) is several orders of magnitude larger than the values on any of the other observable

school characteristics or match effects from observables. Last, while the teacher–school

match effects from unobservables (ηy
is)matter significantly less for student outcomes, they

(ηu
is) play a role in teachers’ preferences over schools.

School Principal Decisions. Our third key finding, displayed in Table 5, is that while

observable teacher characteristics such as education and experience are not crucial in ex-

plaining the choices of school principals, principals prefer to hire teachers whoseminority
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Table 5: Estimated Parameters of School Principal Decisions

Mean Std. Dev.
Panel A: Teacher Characteristics
Male 0.205 0.079
Education -0.250 0.305
Experience 0.236 0.336
% Black -0.783 0.139

Panel B: Teacher–School Interactions
% of students match minority 1.230 0.119
Teacher education * Average test scores 0.130 0.236
Teacher education * % minority 0.424 0.462
Teacher experience * Average test scores 0.051 0.260
Teacher experience * % minority -0.463 0.503
Teacher experience * Average teacher experience 0.033 0.041

Panel C: Shifter
Delta ITS rounds 0.037 0.026

Std. Dev. of teacher effects (ϕi) 0.119
Std. Dev. of idiosyncratic taste shock for teachers (ηv

is) 0.020

Note: The table shows the means and standard deviations of the estimated chains of the parameters of
the school principal decision model. Panel A presents the parameters associated with the teacher charac-
teristics. Panel B presents the parameters associated with the interaction between the teacher and school
characteristics. Minority is defined as non-White. Panel C presents the shifter. We report the standard
deviation, not the variance, for ϕi and ηv

is . See Appendix Table D.11 for the parameter estimates for the full
set of characteristics.

status matches a greater share of the school’s student minority status and to hire male

teachers. Principals value an SD of teacher effectiveness (ϕi) less than teacher gender or

a match on minority status. In addition, the positive posterior mean value of the Delta

ITS rounds parameter—the principal decision shifter–implies that when principals are sur-

prised by the need to fill an unexpectedly large number of positions, all else equal, they

are likelier to rank a candidate whom they would otherwise leave unranked or to rank the

candidate highly.19

19The posterior SD of the coefficient on the delta rounds parameter implies that 92% of the estimated
posterior takes positive values.
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5.2 Impact ofTeacherEffectiveness onDecisions andStudentOutcomes
To quantify the importance of the three different aspects of teacher effectiveness—general

effectiveness (θi), match effects from observables, and match effects from unobservables

(ηy
is)—for student outcomes and teacher and principal decisions, Table 6 shows the change

in student test scores, teacher decisions, and principal decisions with a rise in teacher

general effectiveness or match effects from very low to very high values. To do so, we

simulate the change in these quantities when the value of θi or η
y
is goes from the 1st to

the 99th percentile. We also draw from the underlying distribution of teacher and student

observable characteristics to generate the distribution of match effects from observables

and evaluate the changes as the match quality goes from the 1st to the 99th percentile of

the distribution.

Table 6: Impact of Teacher Effectiveness on Decisions and Student Outcomes

xxxOutcomesxxx Principal Decisions Teacher Utility
∆ykt ∆vist ∆uist

From percentile 1 to 99
Teacher general effectiveness, θi 0.387 0.469

(0.017) (0.214)
Match effects from unobservables, ηy

is 0.002 -0.067 -1.041
(1.6e-05) (0.046) (0.399)

Match effects from observables 0.036 -0.042 -0.063
(0.005) (0.833) (0.031)

Note: The table shows the results from simulated changes in student outcomes, principal decisions,
and teacher utility with a rise in teacher general effectiveness (θi), teacher–school match effectiveness
from unobservables (ηy

is), and match effectiveness from observables from the 1st to the 99th percentile.
Changes are expressed in standard deviations. Standard deviations are shown in parentheses.

Teacher general effectiveness has greater explanatory power than match effects for

student outcomes.20 While the substitution of a teacher at the bottom of the general

effectiveness distribution with a teacher at the top of the distribution would improve

student test scores by 0.39 SD, a move from the lowest- to the highest-quality match on

observables would improve test scores by a ninth of that (0.04 SD). The impact of the

quality of the match on observables aggregates the effects of a student’s being matched

20The first paper to use internal transfer data to separate teacher and school preferences found evidence
schools valued proxies for general teacher effectiveness Boyd et al. (2011).
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with a teacher of the same (or different) gender, and of the same (or different) minority

status, and of low-achieving students’ and minority students’ being matched with more

(or less) experienced and educated teachers. The match effects from unobservables drive

a gain of only approximately 0.002 SD when a teacher at the bottom of the distribution of

match effects from unobservables is substituted by a teacher at the top. All these effects

are statistically different from zero across our simulations.

Taken together, the match effects from observables and unobservables account for

approximately 9% of the impact of teacher general effectiveness on student outcomes,

which is in the middle of prior estimates. Relative to the calculations in Jackson (2013)

and Ahn et al. (2024), our estimated share of 9% is smaller than the estimated share of

two-thirds in Jackson and the estimated share of 12% and 25% in Ahn et al. for math

and reading, respectively. Our findings align more closely with those of Delgado (2023),

who finds that comparative advantage effects account for approximately 6% of the overall

effectiveness in math and 13% in reading.21 By studying a large, urban school district

operating within a unionized teaching context, our study resembles Delgado (2023) but

differs frommuch of this literature that studies North Carolina (Jackson, 2013; Bates et al.,

2024; Ahn et al., 2024), where collective bargaining agreements are not legal.22

Substituting a teacher from the bottom of the teacher general effectiveness distribution

with one from the top of the distribution raises principal expected utility by 0.47 SD. How-

ever, we observe no change in principal expected utilitywhenwe consider the replacement

of a teacher at the bottom with one at the top of the match quality distributions for that

school. On the other side of the market, we find that teachers are averse to positions in

which they would have high match effectiveness. This is especially true for the portion of

match effectiveness not captured by observable characteristics. For example, our model

predicts that teacherswithmore years of education have a stronger preference for teaching

high-achieving students, but their comparative advantage lies in teaching lower-achieving

21These estimates are based on our calculations from estimates in Delgado (2023) (Appendix C).
22Labor relations law and policy can affect the educational production function, teacher and district

incentives and constraints, and selection into a district by teachers and students. North Carolina stands out
nationally by making collective bargaining by public school teachers illegal, with teacher strikes punishable
by jail time (Schlemmer, 2024). Teacher collective bargaining is legal in 47 states in the U.S.
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students.

5.3 Robustness
Alternative Teacher Effectiveness Measures: As a validation exercise for the student

outcome model, we compare our teacher effectiveness measure with multiple teacher

effectiveness measures used by the school district, including value-added estimates for

math and reading, a student survey–based measure, and a score based on a standardized

rubric of effective instruction through classroom observation by certified peer raters. We

find that our paper’s estimated teacher general effectiveness measure strongly correlates

with the four other measures of teacher effectiveness (see Appendix Table D.2).23

Alternative Principal Decision Shifter: We use the proportion of teachers at a school

who share the minority status of a candidate teacher as an alternative shifter of principal

decisions. The choice of this alternative shifter is based on two key observations. First,

hiring committees may be subject to homophily, whereby they form stronger connections

with candidates of similar race or ethnicity. This would lead to such candidates being

ranked higher regardless of their qualifications or fit for the school. Second, principals

aim to hire teachers who demonstrate high retention potential. Irrespective of their effec-

tiveness, teachers who share cultural traits with existing staff may be perceived as likelier

to remain at the school.24 Consistent with this, we show that teacher candidates who

share the minority status of a majority of the teaching staff are more likely to be ranked

in top positions than other candidates interviewed (see Appendix Table D.5). Notably,

we find no evidence that racial congruity influences the decision to interview a candi-

date. This suggests that the interview process—where candidates interact with the hiring

committee—acts as a mediator in this effect, likely because of enhanced communication

between the candidates and committee members. For exclusion, we rule out any peer

effects in teaching that are mediated by the race of teachers. This means that a teacher is

23These district evaluation measures began to be collected after 2012. The correlations are estimated with
the observations from 2013 to 2019.

24In a similar vein, in a Missouri and Tennessee longitudinal analysis, Black school principals increased
the share of teachers of color in their school more than other principals via greater probabilities of hiring
and retention (Bartanen and Grissom, 2023). This also echoes the finding from Grissom and Keiser’s (2011)
cross-sectional analysis that teachers whose race is congruent with their principal’s are likelier to retain
employment than are colleagues of noncongruent race in the same school.
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notmore effective as a result of her having a large share of colleagues of her own race. Any

correlation between teacher effectiveness and the share of same-race teacher peers that is

mediated by the racial composition of students would not violate the exclusion restriction.

The model estimates derived with this shifter are largely similar to those presented in the

baseline (see Appendix Tables D.12, D.13, and D.14).

Additional Controls for Teacher Utility Shifter: If teachers are systematically more

effective at teaching students with whom they share a cultural background and are more

likely to reside in neighborhoods with these families (an effect not fully accounted for

by race interactions), then the exclusion restriction for our teacher utility shifter may be

violated. To address this concern, we incorporate school attendance boundaries into our

outcomes model with an indicator that identifies whether each school serves the teacher’s

neighborhood of residence. Since the schools attended by the children of teachers are

likely to serve students who share unobservable cultural traits with those teachers, the

coefficient on this indicator variablewill reflect the impact of cultural familiarity on student

test scores. We find that the results are robust to our including this control (see Appendix

Tables D.16, and D.17).

External Validity: The student and school characteristics of the district we study strongly

resemble those of the population of U.S. urban schools. We use the Generalizer tool

specificallydesigned toquantify thedegree of generalizability between a sample of studied

K–12 schools and a target inference population of schools (Tipton and Miller, 2022). The

Generalizer tool uses propensity scores to measure the similarity between the sample and

inference population, yielding a generalizability index value between 0 and 1. We compare

the schools in our sample to 15,389U.S. schools in thepopulation inference sample inwhich

5th, 6th, 7th, or 8th grade is taught, that are in an urban locale, and that are not charter

schools. Based on parameters such as school size, percentage of low-income students,

percentage girls, percentage White, percentage Black, percentage Hispanic, percentage

U.S. citizens, and median family income, our analysis implies a generalizability index

value of 0.81, which the tool characterizes as a high level of generalizability.
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6. Counterfactual Teacher Assignments
To quantify the potential gains associated with a reallocation of teachers to alternative

classrooms, we study the assignment of teachers to the set of all positions we can associate

with observed test scores during our 10-year study period. We call this set P. For each

position in P, we observe the teacher assigned to it and the set of students associated with

it in a given year.25 The set of teachers who are alternative candidates for an assignment

to the positions in P in each year includes the teachers assigned to a position in P in

that year and the set of teachers who applied to any open position in the ITS that year

but were not assigned a position in P. We further restrict the menu of positions for an

alternative assignment for each teacher by using data on the licenses each teacher holds

and the licenses required for each position, such that only licensed math teachers can be

assigned to math positions and so on. Ignoring these constraints would lead the model

to consider many infeasible assignments and bias the estimated scope for gains (Almagro

and Sood, 2025).

We simulate counterfactual assignments of teachers to alternative classrooms with a

view toward two policy objectives. The first is maximizing average student test scores

in the school district. The second is maximizing the percentage of proficient students.

Both objectives are widely used by school districts, parents, and policymakers to evaluate

school district performance around the country. We study each policy objective under

four counterfactual assignment scenarios: 1) unconstrained, 2) retained teachers unharmed

or no quits, 3) scenario 2) + no additional layoffs, and 4) scenarios 2) and 3) + same school.

These are explained in detail below.

First, we consider the counterfactual scenario in which teachers are assigned to class-

rooms tomaximize each of the two policy objectives given the positions in P and the set of

teachers described above without any additional constraints. We refer to this scenario as

the unconstrained counterfactual. We generate this assignment by solving a linear program

25A position in our sample is associated with a grade, school, and year. We do not observe classroom
identifiers, so we keep the grade–school–year as the minimum level of aggregation. By construction, each
position in our sample is associated with a single year. Even if a teacher–classroom pair remains matched
for many years, we treat each annual observation as distinct.
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in which we restrict each position to be filled by exactly one teacher and each teacher is

assigned to atmost one position.26 Because some assignments generated under the uncon-

strained counterfactual may be unacceptable to a teacher without an adjustment in pay,

the second counterfactual scenario restricts each teacher’s menu of possible assignments

to only those that the teacher would weakly prefer over her observed assignment based

on our simulation of teacher utility using the model parameters.27 We refer to the second

scenario as the retained- teachers-unharmed or no-quits counterfactual because it guarantees

that any assigned teacher does not have lower utility than that under her observed assign-

ment, though teachers who are left unassignedmay have lower utility. Under the first two

counterfactual scenarios, the pool of teachers who are candidates for assignment is larger

than the set of positions because assignments can go to either a) the teachers observed to

be assigned to a position in our sample or b) the teachers who unsuccessfully sought a

new position in our sample through the ITS.28

The third counterfactual scenario restricts alternative assignments to only those teach-

ers observed as assigned to a position in P in each year, such as group a) as described in

the previous paragraph. We refer to this third scenario as + no additional layoffs counter-

factual. It has the same restriction as the second counterfactual but further excludes the b)

group of teachers not observed in any assigned position in the data. In this counterfactual,

the number of available teachers and available positions is the same. It does not allow a

change in who is teaching. It simply allows reshuffling of the observed teachers across

positions in each year.

The fourth counterfactual scenario further restricts the potential position assignments

for each teacher to only within-school assignments. We refer to this fourth scenario as +

same school counterfactual. Thus, in this counterfactual, teachers can no longer be assigned

to positions across schools, only to positions in the same school in which they already

26We solve the following linear program: maxa
∑

i ,k∈l ail · yki s.t. ail(1 − cli) � 0,
∑

i ail ≤ 1,
∑

l ail � 1,
where l ∈ P and i is a teacher. ail � 1 if i is assigned to l, and cil � 1 if i is feasible for l; both are zero
otherwise.

27Because the observed assignment is feasible under this restriction, the set of solutions is not empty.
28Teachers not observed to be assigned to one of the positions in our sample may be assigned to other

positions outside our sample within the school district. These are the positions either not associated with
test scores or with less than 0.5 full-time equivalence required.
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teach that year. Finally, we benchmark the outcomes under the four scenarios against

those under the observed assignment and under a random assignment of the teachers

whom we observe assigned to positions in P.

We view the counterfactual assignments as assignments made by the school district

under perfect foresight, taking the estimated teacher-specific general effectiveness values,

the estimated parameters on match effects from observables, and the estimated distribu-

tion of match effects from unobservables as given. We do not include teacher inertia costs

in any of the counterfactuals as we consider assignments of teachers as alternatives to the

observed ones rather than as transitions from a past position.29 The outcomes under the

counterfactual assignments do not reflect the dynamic gains generated by an alternative

assignment in year t for test scores in the subsequent years; instead, they are the outcomes

under one-shot alternative assignments in each year independently. That is, the coun-

terfactual results quantify the average one-year gains from an alternative assignment of

teachers to classrooms. Last, for each counterfactual and for the observed and random

assignment, we generate 100 draws of the parameters in ourmodel and compute themean

and SD of the gains across these simulations in each case.

6.1 Policy Objective: Maximizing Average Student Achievement
As seen in Figure 3, under the first counterfactual scenario of unconstrained assignment

of teachers to positions, a policymaker seeking tomaximize the average student test scores

can push the average scores up by 8% of an SD relative to those under the observed as-

signment (see Appendix Table D.6 for details). Under the second counterfactual scenario,

where no retained teacher is harmed (no quits), we find thatmost of the gains in the average

student test scores can still be realized. In this case, test scores would increase by 7% of an

SD relative to those under the observed assignment. Compared with the unconstrained

assignment, this assignment is more politically feasible as the retained teachers’ welfare

does not fall.

In the third counterfactual scenario, where we restrict the teacher pool to include only

29It remains important to account for the inertia costs in estimation to avoid biasing our estimates of
teacher preferences over school characteristics.
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Figure 3: Counterfactual Gains in Test Scores and Percentage Proficient by PolicyObjective

(a) Average Test Score Gains by Objective (b) Gains in Percentage Proficient by Objective

Note: Panel (a) shows the gains in average test scores in standard deviation (SD) terms under four
counterfactual scenarios that aim to maximize average test scores (solid line) and percentage proficient
(dashed line) relative to the outcomes under the observed assignment and a random assignment. Panel
(b) shows the gains in percentage points (PP) under the same counterfactuals.

those observed assigned to full-time math and reading positions and keep the no-quits

constraint, we still find significant gains in test scores of 5% of an SD relative to those

under the observed assignment. Relative to this third scenario, scenarios 1 and 2 select

teachers with higher general effectiveness to teach in the set of positionsP, and thus, these

scenarios result in higher gains in average student achievement.

Finally, in the fourth scenario, where we consider only assignments within a teacher’s

current school, the potential gains in student test scores fall dramatically to 0.4% of an SD

relative to those under the observed assignment. This shows that most of the potential

gains in student test scores come from an assignment of teachers across schools within a

district, which can be realized by policy interventions using the district’s ITS.30

Figure 4 shows that all four counterfactual assignments that aim to maximize the av-

30Note that the observed equilibrium in our setting is different from that found in Bates et al. (2024),
in which teacher quality is equally distributed across these groups (Table D.3). The difference in the two
settings may be explained by differences in the policy objectives of the two school districts or the fact
that, for seven years in our sample period, information about teacher effectiveness measured via classroom
observations was observable to principals when they were hiring, likely creating a positive correlation
between teacher effectiveness and principal preferences.
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Figure 4: Differential Gains in Test Scores by Achievement and Race Under the Policy
Objective of Maximizing Average Achievement

(a) By Achievement Quartile (b) By Race and Ethnicity

Note: Panels (a) and (b) show the average test score gains in standard deviation (SD) terms relative to those
under the observed and a random assignment by baseline student achievement quartile and student race
and ethnicity, under the four counterfactual scenarios that maximize average test scores.

erage student test scores disproportionately benefit higher-achieving andWhite students,

even though students of all achievement levels and non-White students experience gains

relative to their outcomes under the observed assignment. This implies that all four

counterfactual assignments wouldwiden the racial achievement gap and inequality in the

overall achievement level in the school district, pointing to an equity–efficiency trade-off

under all of these counterfactual assignments.

Counterfactual Decomposition: To understand what drives the gains in each of the four

scenarios, we decompose the gains in the average test scores additively into the portions

attributable to the match effects and to teacher general effectiveness. Gains from teacher

general effectiveness can arise from two sources: keeping the least effective teachers out

of classrooms and matching the most effective teachers to larger classrooms.

Although match effects do matter for student test scores (as seen in Table 6), realizing

those gains through assignment of teachers to classrooms is less effective because each

student’s best teacher match is different and not every student can be assigned her best-

matched teacher simultaneously without a change to the grouping of students across
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classrooms and schools.31 Consequently, the decomposition in Table 7 shows that the

gains from alternative assignment are almost entirely explained by retention of the most

effective teachers in full-time teaching positions and their assignment to larger classrooms,

rather than by matching of teachers to students based on comparative advantage.

Table 7: Decomposition: Gains Under Policy Objective of Maximizing Average Student
Test Scores

Decomposition of Gains Relative to the Observed Assignment (SD)
xxxTotal Effectxxx xxxEffectivenessxxx xxxMatch Effectsxxx

Unconstrained 0.078 0.073 0.005
(0.001) (0.001) (0.005)

No quits 0.072 0.067 0.005
(0.001) (0.001) (0.004)

+ No additional layoffs 0.050 0.046 0.004
(0.001) (0.001) (0.003)

+ Same school 0.004 0.004 0.0002
(0.0004) (0.0004) (0.0002)

Note: This table presents the decomposition of the gains in average test scores in standard deviation (SD)
terms under the four counterfactual scenarios relative to the outcomes under the observed assignment.
Standard errors in parentheses.

Counterfactual Extension: While the model of student outcomes includes a class-size

effect, it does not allow for heterogeneity in teacher effectiveness by class size. To ensure

that we can identify the gains explained by comparative advantage if they exist, we

consider an alternative assignment that maximizes average classroom test scores instead

of average student test scores. By doing this, we eliminate the scope for gains from the

matching of more effective teachers to larger classrooms. In this counterfactual extension,

we find gains relative to the scores under the observed assignment of approximately half

the magnitude of the baseline gains in the unconstrained counterfactual: namely, 3.7%

of an SD (see Appendix Table D.8). In the second scenario, where no retained teacher is

harmed (no quits), we find a 3.4% SD improvement in scores over those in the observed

assignment. These gains, again, come almost exclusively from retention of the most

effective teachers in full-time teaching positions. When we consider assignment of only

31Similar results are found in Umosen (2024), who studies the role of classroom segregation in explaining
gains from alternative teacher assignments.
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the teachers whomwe observe assigned to full-time positions in our sample (an extension

of the third counterfactual), we find no gains, providing further evidence that gains from

matching on comparative advantage alone are limited.32

6.2 Policy Objective: Maximizing Percentage of Proficient Students
When we consider a policymaker objective of maximizing the percentage of proficient

students in the school district instead of average student test scores, we find the percentage

of proficient students would increase by 4 percentage points (PP) under the unconstrained

assignment relative to that under the observed assignment (Figure 3).33 As before, almost

all the gains in the percentage of proficient students can still be realized if we impose

the no-quits constraint (3.5 PP). Further restricting the sample to only teachers observed

assigned reduces the gains to 3 PP relative to the share under the observed assignment,

while allowing only within-school assignments shrinks the gains significantly to 0.3 PP

relative to the share under the observed assignment. As with the gains in average test

scores, most of the gains in the percentage of proficient students come from between-

school assignments within a district.

While the four counterfactual scenarios that maximize the average test scores in the

school district benefit higher-achieving and White students more than other groups, the

gains are less disproportionate when the four scenarios maximize the percentage of pro-

ficient students in the district (Figure 5). These scenarios benefit students in the middle of

the achievement distribution themost (quartiles 2 and 3), while students in the two tails of

the distribution experience lower gains. This is intuitive and consistent with findings by

Neal and Schanzenbach (2010): Classrooms with a larger share of students in the middle

of the achievement distribution are close enough to the proficiency threshold that there

aremarginallymore gains from a reallocation of teacherswith higher general effectiveness

toward them. In contrast, classrooms with many students in the top quartile are for the

32The third scenario in the counterfactual extension is similar to the scenario in the study by Biasi et al.
(2022), thoughwe focus onwithin-district teacher assignments and they focus on cross-district assignments.
Neither allows gains from assignment of teachers to larger classrooms, and both restrict the counterfactuals
only to allocations of teachers with an observed assignment. Similarly to us, the authors find minimal
potential gains.

33See Appendix Table D.7 for details.

39



Figure 5: Differential Gains in Percentage Proficient by Achievement and Race Under the
Policy Objective of Maximizing Percentage with Proficient Achievement

(a) By Achievement Quartile (b) By Race and Ethnicity

Note: Panels (a) and (b) show the gains under the four counterfactual scenarios that maximize the
percentage of proficient students in the percentage of proficient students, measured in percentage points
(PP), relative to the shares under the observed and a random assignment by baseline student achievement
quartile and student race and ethnicity.

most part already proficient, and classrooms with many students in the bottom quartile

would require a more radical alternative assignment or other interventions to increase the

percentage of proficient students. In addition, the gains forWhite and non-White students

are similar across the four scenarios that maximize the percentage of proficient students

in a district.

6.3 Comparison of Outcomes Under the Observed and a Random As-

signment
A random assignment would generate average student test scores and a percentage of

proficient students in thedistrict that are statistically similar to their counterpartsunder the

observed assignment (Figure 3). This is not surprising given that the match effects are less

salient to student outcomes than is teachers’ general effectiveness, as discussed in Section

5. When we disaggregate by baseline student achievement quartile and student race and

ethnicity, we find that, relative to a random assignment, the observed assignment benefits

higher-achieving students in the fourth quartile and White students while generating
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effects statistically similar to those of the random assignment for non-higher-achieving

and non-White students (Figure 4). This is because we observe White students and

higher-achieving students assigned to more effective teachers in the observed assignment

(see Appendix Table D.3) and is consistent with the model parameter results that show

that teachers prefer to teach high-achieving and White students and that principals value

effective teachers.

7. Conclusion
We used novel administrative data from a market for teacher transfers that allowed us to

track the decisions of both teachers and principals in the within–school district ITS and

the test scores of students under the observed teacher assignments. We jointly modeled

student outcomes and the decisions of teachers and principals in this labor market. This

model allowed us to account for potential correlation between student outcomes and these

teacher and principal decisions, account for selection biases in the observed matches,

and, consequently, predict teacher effectiveness in unobserved matches. We found that

teachers’ general effectiveness (that is, effectiveness across all students) impacts student

learning approximately nine times more than teachers’ comparative advantage (match

effects from interactions between student and teacher observables and from quality of the

match on unobservables). The match effects are nonnegligible but matter much less than

teacher general effectiveness. We found evidence that more experienced teachers have a

comparative advantage in teaching minority and low-achieving students.

Our estimates show that principals value teachers with general effectiveness but do

not value teacher education, experience, nor match effectiveness with their school. This is

consistentwith Biasi and Sarsons’s (2022) estimates that school districts value effectiveness

but not teacher education or experience. Teachers, on the other side, are estimated to

dislike placements based on their match effectiveness: They do not value working in

schools in which they have a comparative advantage. Many teachers tend to prefer to

work in schools with fewer minority students and low-income students.

Finally, we found that an alternative assignment of teachers to classrooms could achieve
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test score and proficiency gains. Under a counterfactual in which average student test

scores aremaximized, high-achieving students andWhite students benefitmore than their

counterparts, although all groups experience significant gains. Under a counterfactual

in which the percentage of proficient students is maximized, the gains for students in

the middle of the test score distribution are larger than those of students in the top and

bottom quartiles. Across racial and ethnic groups, the gains are similar. Under these

counterfactual assignments, most of the gains come from the assignment of more effective

teachers to larger classrooms, and little is explained by matching based on comparative

advantage. While match effects in teaching exist, our results suggest that realizing gains

from such effects can be challenging.
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ONLINE APPENDIX

Gains from Alternative Assignment: Evidence from a Two-Sided

Teacher Market

Mariana Laverde, Elton Mykerezi, Aaron Sojourner, & Aradhya Sood

A. Data Details
Teacher Data: The data on teachers comes from publicly available personnel data from

the state’s Department of Education. The dataset is a teacher level panel containing each

teacher-year’s assignments, demographics, qualifications and credentials, and pay. Each

assignment includes a code linking the teacher to specific grades at a specific school

within the district and the role performed by the teacher (e.g., 5th grade general education

teacher). A teacher assignment can be less than full time and each teacher can hold

multiple assignments in a given year. We use this data to identify the teachers who are

primarily responsible for students’math and reading instruction in a given year and tested

grades (starting at grade 3). Teacher demographics include gender, race, ethnicity, and

age. Teacher credentials include formal education and years of experience (which together

largely determine their pay within a district) and state license information. The license

data are used to determine which open positions each teacher would be eligible to apply

for.

District’s Internal Teacher Transfer System: Data on position postings and the teacher

transfer process areproprietary administrativedataprovidedby thedistrict tousunder the

IRB protocol 1510S79046. The dataset consists of two files: an open positions file that lists

each open position available to incumbent teachers (before they can be posted for external

applicants) and a transaction file that documents each decision taken by a teacher candi-

date, a district, or a school official. The transaction file includes applications, invitations

for interviews, post interview rankings, position offers, and offer acceptance/rejection

decisions. The district also provided us a bridge file that links internal personnel data,

including the teachers’ home addresses, to the publicly available teacher data from the

state’s Department of Education.
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Student Test Scores and Characteristics: Student test scores and characteristics are pro-

vided by the State’s Department of Education as an anonymized panel at the individual

student level that includes the entire history of their standardized test sores as well as de-

mographic and socio-economic characteristics, including race, ethnicity, gender, a proxy

for low family income (free- and reduced-price lunch), English Language Learner (ELL),

and special education status.

School Characteristics: The school’s address is collected from publicly available data

from the state’s Department of Education. School×year average student and teacher char-

acteristics are computed from their respective datasets. We compute shares of students

in each ethnic and racial category, the share of free- and reduced-price lunch (FRL), ELL,

and special education students, and the average class size.

Teacher Utility Shifter: The teacher utility shifter is the travel time between a teacher’s

home address and a school’s address. To construct the shifter, we geocode teacher and

school addresses andmeasure the driving times using the Google Maps API. Wemeasure

one way drive times on September 12, 2023 at 8 am.

School Principal Decisions Shifter: The principal decisions shifter is the difference in

the number of position openings that the school posts between the ITS’s second and first

rounds in a given year. We calculate this using the district’s administrative ITS data.

School Attendance Zones Data: The school attendance zoning information comes from

the School Attendance Boundary Survey conducted by the National Center for Education

Statistics with assistance from the U.S. Census Bureau to collect school attendance bound-

aries for the 2015-2016 school year. We use the school-level attendance zone shapefiles to

identify all the unique elementary, middle, and high school attendance boundaries in our

school district. We then identify the assigned schools for all teachers whose home address

is located within our school district by matching the geo-coordinates of the addresses to

the school zones spatially.
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B. Model and Estimation Details
Students are denoted by k, year by t, teacher by i, school by s. Let K, T, N , and P be the

sizes of the sets, respectively. The model consists of the following equations. The first one

describes students outcomes ykit , the second describes teacher utility uist and the third

describes school principal decisions dist :

ykit � wktα + vitµ
y
+ xstζ

y
+ ckitβ

y
+ θi + η

y
is + ε

y
kt (7)

uist � xstζ
u
+ qistβ

u
+ zu

istφ
u
+ γIist + η

u
is + ε

u
ist (8)

dist � vitµ
d
+ qistβ

d
+ zd

istφ
d
+ ϕi + η

d
is + ε

d
ist (9)

We rewrite ηis and
(
θi , ϕi

)
as

η
y
is � fis ,1

ηu
is � β

u
1 fis ,1 + fis ,2

ηv
is � β

v
1 fis ,1 + β

v
2 fis ,2 + fis ,3

ϕi � fi ,4

θi � β4 fi ,4 + fi ,5

where fis ,1 ∼ N
(
0, σ2

1
)
, fis ,2 ∼ N

(
0, σ2

2
)
, fis ,3 ∼ N

(
0, σ2

3

)
, fi ,4 ∼ N

(
0, σ2

4
)
, fi ,5 ∼ N

(
0, σ2

5

)
.

Then the model parameters are:

κ �
(
αy , αu , αv , απ , γ, βu

1 , β
v
1 , β

v
2 , β4

)
σ �

(
σ1, σ2, σ3, σ4, σ5, σεy

)
Gibbs Sampler
Start with values of κ0 and σ0 from diffuse conjugate priors, and values f 0, u0, d0 for the

latent variables. u0, d0 must be consistent with ranking, and application decisions.
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Step 1: Data Augmentation

In this step we update the values of the latent variables u1 and d1 given the values of

the parameters of the model, the rest of the realizations of the latent variables, and the

application, interview, and ranking decisions of principals and teachers.

Step 2: Update κ conditional on u1, d1, f 0, σ0

Step 3: Update σ2
εy

Step 4: Update the f ’s

Step 5: Update the {σi}5i�1
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C. Comparing Results to the Existing Literature
In Section 5, we compare the estimated results from our model with the estimates from

the literature, focusing on Jackson (2013), Ahn et al. (2024), and Delgado (2023). While it

is easy to compare our estimates with Jackson (2013) and Ahn et al. (2024), a comparison

with Delgado (2023) is not straightforward. In this section, we describe how to translate

results fromDelgado (2023) to compare with results from our model. In particular, we are

interested in comparing the ratio of the standard deviation in match effectiveness to the

standard deviation of general effectiveness in each model. This is a measure of the size of

the estimated match effect in each case.

Most papers that study teacher comparative advantage characterize it over one observ-

able binary student category (Biasi et al., 2022; Bates et al., 2024; Delgado, 2023). Following

their model specification, let j ∈ {0, 1} index student type, which can be low and high-

income, low and high-achieving, or Black and non-Black categories. Using these student

categories, themodel of teacher effectiveness comes from a student test scoremodelwhere

k indexes a student, t a year, i � i(kt) is a teacher and j(k) � j is student k’s type, assumed

to be constant over time:

ykt � Mkt + µi j + εkt ,

where Mkt includes the impact of student, classroom, and school characteristics on student

test scores1, and µi j is teacher i’s effectivenesswith students of type j. In this kindofmodel,

each teacher has two effectiveness parameters, µi0 and µi1, one for each student type.

Instead, we capture comparative advantage using the following formulation:

ykt � Mkt + θi + δi j + εkt ,

where j(k) � j is student k’s type. In our model, the effectiveness of teacher i with students

of type j is θi + δi j . Using this notation, δi j is assumed to captures both observable

1Mkt can also include teacher experience
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and unobservable match effects. Whereas other papers create two student-type-specific

effectiveness measures for each teacher, we estimate one general effectiveness measure for

each teacher that is the average across all students and define type-specific effectiveness

added to that. In our application, the student type set is not binary.

Table C.1: Comparison of Match Effects Size

Elementary Math Elementary Reading

Panel A: Parameters reported in Delgado (2022)

Variance of Black VA (µi0) 0.053 0.028

Variance of non-Black VA (µi1) 0.054 0.017

Covariance of Black and non-Black VA 0.048 0.022

Share of Black student (w0) 0.370 0.370

Variance of CA (µi0 − µi1) 0.003 0.005

Panel B: Our calculations

Implied std(θi) 0.226 0.145

Implied std(δi j) 0.013 0.019

Ratio: std(δi j)/std(θi)) 0.06 0.13

We describe how to translate between models to compare estimates—in particular

how to compare the ratio of the standard deviation in match effectiveness to the standard

deviation of general effectiveness. If the set of student types under both models is the

same and described by j ∈ {0, 1}, then the effectiveness of teacher i with students of type

j is,

θi + δi j︸  ︷︷  ︸
our model

� µi j︸  ︷︷  ︸
their models

�



(
ω0µi0 + (1 − ω0)µi1

)︸                      ︷︷                      ︸
θi

+ωo(µi1 − µi0)︸          ︷︷          ︸
δi1

if j � 1

(
ω0µi0 + (1 − ω0)µi1

)︸                      ︷︷                      ︸
θi

+ (ωo − 1)(µi1 − µi0)︸                 ︷︷                 ︸
δi0

if j � 0,
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where ω0 is the share of students of type 0. Here, θi � ω0µi0 + (1 − ω0)µi1 is the mean

impact of teacher i across student types, and δi j are deviations from the average effect for

each student type.

Following this,

var(θi) � ω2
0var(µi0) + (1 − ω0)2var(µi1) + 2ω0(1 − ω0)cov(µi0, µi1), and

var(δi j) � (2ω0 − 1)2var(CAi)

where CAi � µi0 − µi1 is the comparative advantage of i with students of type j � 0.

Taking estimates reported in Delgado (2023) we compute the values of var(θi) and
var(δi j) that are consistent with our model, and Delgado’s data and student type space.

Table C.1 reports Delgado’s relevant estimates and our calculations. In Delgado’s context

match effects are about 6% of general effectiveness for Elementary Math and 13% for

Elementary Reading. Our model predicts match effects are 9% of general effectiveness.
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D. Additional Results

Table D.1: Descriptive Statistics of Schools

xxMeanxx xxSt. devxx xxp5xx xxp95xx

Share low-income 55.6 29.7 0.0 96.8

Share English language learner 23.8 19.3 1.7 61.2

Share Black 37.3 22.9 6.5 82.3

Share Hispanic 17.3 17.9 2.5 58.2

Share White 32.2 25.1 2.6 75.2

Share female 48.9 2.9 44.3 53.3

Share proficient - math 46.7 22.1 15.0 85.1

Share proficient - reading 46.9 22.8 13.6 84.5

Share female teachers 27.0 11.8 12.7 45.9

Average teacher experience 13.7 4.0 8.0 21.0

Average teacher age 43.1 4.1 36.0 50.0

School-year observations 504 504 504 504

Note: The table shows the mean, standard deviation, 5th percentile (p5), and the 95th percentile (p95)
for various school level characteristics.

Table D.2: Correlation of Teacher Effectiveness and District Evaluation Measures

District Evaluations

xxxMath VAxxx xxReading VAxx Student Surveys Classroom Observations

Teacher Effectiveness (θi) 8.40 5.96 1.47 3.52

(0.53) (0.67) (0.58) (0.70)

Observations 441 334 432 398

Note: The table shows regressions where the dependent variable is the estimated teacher effectiveness,
and the independent variables are four measures of teacher effectiveness built by the district. Standard
errors are in parenthesis. These include the district’s own value-added (VA) measures constructed
using classroom identifiers, as well as a measure based on student surveys and one based on scores on
an established rubric from four classroom observations by trained peer teachers each year.
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Table D.3: Effectiveness and Student Characteristics under the Observed Assignment

Previous Test Score xxxxxNon-whitexxxxx xxxxFRL statusxxxx

Teacher Effectiveness 0.50 -0.30 -0.36

(0.03) (0.02) (0.02)

Observations 167,174 167,174 167,174

Note: In this table, each column shows a regression where the independent variable is the estimated teacher

effectiveness and the dependent variable is a student characteristic. The data has every teacher-student pair

in the observed assignment each year. Standard errors in parenthesis.
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Table D.4: List of All Variables Used in Model Estimation

Student Outcomes Teacher Utility School Principal Decisions
Panel A: Student Characteristics Panel A: School Characteristics Panel A: Teacher Characteristics
Prev. score Race/Ethnicity students- Share Black Sex - male
Prev. score sq Race/Ethnicity students - Share Hispanic St. Education
Prev. score cube Race/Ethnicity students- Share other Race/Ethnicity - Black
Race/Ethnicity - Black Share FRL Race/Ethnicity - Hispanic
Race/Ethnicity - Hispanic Share ELL Race/Ethnicity - other
Race/Ethnicity - other Share special education St. Experience
Sex - male Average prev. test scores Panel B: Teacher-School Interactions
FRL Race/Ethnicity teachers- Share Black Match minority students
ELL Race/Ethnicity teachers - Share Hispanic Delta ITS rounds
Special education Race/Ethnicity teachers- Share other Teach St. Educ * Share stud minority

Panel B: Teacher Characteristics Average teacher experience Teach St. Educ * Average prev. test score
Sex - male Panel B: Teacher-School Interactions Teach St. Exp * Share stud minority
St. Education Match minority students Teach St. Exp * Average prev. test score
Race/Ethnicity - Black Match minority teachers Teach St. Exp * Average st. experience
Race/Ethnicity - Hispanic Teach St. Educ * Share stud minority
Race/Ethnicity - other Teach St. Educ * Average prev. test score
Experience - 2 and 3 years Teach St. Exp * Share stud minority
Experience - 4 and 6 years Teach St. Exp * Average prev. test score
Experience - ≥7 years Driving minutes

Panel C: School Characteristics Panel C: Other
Race/Ethnicity - Share Black Inertia
Race/Ethnicity - Share Hispanic School FE
Race/Ethnicity - Share other
Share FRL
Share ELL
Share special education
FRL*Share FRL
Classsize: Tot FTE per student

Panel D: Student-Teacher Interactions
Match minority
Match gender
Teach St. Educ * Stud minority
Teach St. Educ * Stud prev. score
Teach St. Exp * Stud minority
Teach St. Exp * Stud prev. score

Panel E: Other
MCAS III
Year FE
School FE

Note: This table presents a list of variables used in the estimation. For race & ethnicity, the ommited category is White. In the middle of our sample,
the standardized test was redesigned. We capture this change with the dummy variable MCAS III. Minority is defined as not identifying White.
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Table D.5: Correlation between share of teachers of same minority status and school
decisions

Position in Ranking Pr(ranked first) Pr(ranked) Pr(interviewed)

(1) (2) (3) (4)

Share match-minority teachers -0.383 0.078 0.129 -0.027

(0.123) (0.030) (0.037) (0.025)

Constant 3.818 0.146 0.341 0.500

(0.096) (0.023) (0.029) (0.020)

Observations 2,224 2,224 2,224 4,633

Note: The table shows regression of the share of peer teachers that share the minority status of a candidate
teacher with the position of a teacher in the school’s ranking. Panel (1) - (3) include every teacher-position
pair where a teacher was interviewed, and panel (4) includes every teacher-position pair where the teacher
applied for the position.

Table D.6: Counterfactual Summary: Maximize Average Test Scores

Average Test Score Gains Relative to the Observed Assignment (SD)

xxxUnconstrainedxxxxxxNo Quitsxxxxx
+No additional

Layoffs +Same School

All 0.078 0.072 0.050 0.004
(0.001) (0.001) (0.001) (0.000)

By Achievement
First quartile 0.069 0.062 0.036 0.003

(0.001) (0.001) (0.001) (0.001)
Second quartile 0.071 0.065 0.041 0.004

(0.001) (0.001) (0.001) (0.001)
Third quartile 0.080 0.074 0.054 0.004

(0.001) (0.001) (0.001) (0.001)
Fourth quartile 0.092 0.086 0.068 0.005

(0.002) (0.002) (0.002) (0.001)
By Race
Non-white 0.071 0.064 0.040 0.005

(0.001) (0.001) (0.001) (0.000)
White 0.091 0.084 0.066 0.003

(0.002) (0.002) (0.002) (0.000)
Note: This table presents the average test score gains relative to the observed assignment in standard

deviation terms (SD) for all students as well as for students by baseline achievement and race and ethnicity

in a counterfactual where average student test scores are maximized. Standard errors in parenthesis.
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Table D.7: Counterfactual Summary: Maximize Percent Proficient

Gains in Share Proficient Relative to the Observed Assignment (SD)

xxxUnconstrainedxxxxxxNo Quitsxxxxx
+No additional

Layoffs +Same School

All 3.92 3.53 2.83 0.32
(0.08) (0.08) (0.08) (0.03)

By Achievement
First quartile 0.69 0.59 0.44 0.05

(0.06) (0.05) (0.05) (0.02)
Second quartile 5.30 4.69 3.64 0.42

(0.16) (0.16) (0.15) (0.06)
Third quartile 7.48 6.78 5.52 0.61

(0.21) (0.20) (0.20) (0.09)
Fourth quartile 2.21 2.04 1.73 0.19

(0.09) (0.10) (0.10) (0.05)
By Race
Non-white 3.92 3.48 2.75 0.36

(0.09) (0.09) (0.09) (0.04)
White 3.92 3.60 2.98 0.24

(0.13) (0.13) (0.13) (0.05)

Note: This table presents the gains in the percent of proficient students relative to the observed assignment
for all students as well as for students by baseline achievement and race & ethnicity, in a counterfactual
where the percentage of proficient students is maximized. Standard errors in parenthesis.

Table D.8: Decomposition: Maximizing the Average Classroom Test Scores

Gains Relative to the Observed Assignment (SD)

xxxTotal Effectxxx xxxEffectivenessxxx xxxMatch Effectsxxx

Unconstrained 0.037 0.032 0.006
(0.001) (0.001) (0.005)

No Quits 0.035 0.030 0.005
(0.001) (0.001) (0.005)

+ No additional Layoffs 0.001 −0.003 0.004
(0.002) (0.002) (0.004)

+ Same School 0.000 −0.001 0.000
(0.000) (0.000) (0.000)

Note: This table presents the decomposition of gains in the average student test scores relative to the observed
assignment. Standard errors in parenthesis.
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Table D.9: Estimated Parameters of the Student Outcomes Model - All Variables

Mean Std. Dev.
Panel A: Student Characteristics
Previous score 0.770 0.001
Previous score sq 0.002 0.001
Previous score cube -0.003 0
Race – Black -0.126 0.003
Race - Hispanic -0.066 0.004
Race - other -0.061 0.004
Male -0.012 0.002
Low income -0.142 0.005
English language learner -0.052 0.003
Special needs -0.172 0.003

Panel B: Teacher Characteristics
Male -0.020 0.005
Education -0.003 0.002
Black 0.006 0.008
Hispanic 0.001 0.009
Other -0.002 0.007
Experience 2 to 3 0.020 0.004
Experience 4 to 6 0.022 0.005
Experience 7+ 0.027 0.005

Panel C: School Characteristics
Race - % Hispanic 0.037 0.019
Race - % Black 0.128 0.021
Race - % other 0.167 0.023
% Low income -0.023 0.018
% English language learner -0.040 0.014
% Special needs 0.034 0.019
Low Income * % Low income 0.071 0.007

Panel D: Student–Teacher Interactions
Match minority student 0.003 0.002
Same-gender student 0.005 0.002
Teacher education * Student minority 0.005 0.002
Teacher education * Student previous score -0.003 0.001
Teacher experience * Student minority 0.002 0.002
Teacher experience * Student previous score -0.002 0.001

Std. Dev. of teacher general effectiveness (θi) 0.0815
Std. Dev. of teacher–school unobservables match effectiveness (ηy

is) 3.5e-04

Note: The table shows the mean and the standard deviation of the estimated chains of the parameters of

the student outcomes model (Equation 4), on the full set of characteristics. Panel A presents parameters

associated with student’s own characteristics. For the race dummy, the omitted category is White. Panels

B and C present the parameters associated with the teacher and school characteristics. Panel D presents

parameters associated with the interaction between student and teacher characteristics. Minority is defined

as non-White. Note that we report the standard deviation, and not the variance of θi as well as ηy
is .

13



Table D.10: Estimated Parameters of Teacher Utilities - All variables

Mean Std. Dev.
Panel A: School Characteristics – Students
% Low income -0.100 0.049
% English language learner 0.074 0.270
% Special Needs 0.975 0.430
Average test scores 0.010 0.120
% Hispanic -1.298 0.375
% Black -0.219 0.348
% other 2.237 0.513

Panel B: School Characteristics – Teachers
%Hispanic -0.543 0.449
% Black 0.290 0.369
% other 1.221 0.464
Average teacher experience 0.047 0.020
Inertia 3.582 0.034

Panel C: Teacher–School Interactions
% of students match minority 0.499 0.049
% of teachers match minority 0.454 0.049
Teacher education * Average test scores 0.119 0.028
Teacher education * % minority 0.098 0.022
Teacher experience * Average test scores -0.062 0.037
Teacher experience * % minority -0.318 0.026
Teacher experience * Average teacher experience 0.008 0.013

Panel D: Shifter
Driving time -0.010 0.001

Std. Dev. of idiosyncratic taste shock for schools (ηu
is) 0.493

Note: The table shows the mean and the standard deviation of the estimated chains of the parameters of

the teacher utility model (Equation 5), on the full set of characteristics. Panels A and B presents parameters

associated with the school’s students and teachers characteristics, respectively. Driving time is measured

in minutes. Panel C presents parameters associated with the interaction between the teacher and school

characteristics . Minority is defined as non-White. We report the standard deviation, and not the variance

for ηu
is .
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Table D.11: Estimated Parameters of School Principal Decisions - All Variables

Mean Std. Dev.
Panel A: Teacher Characteristics
Male 0.205 0.079
Education -0.250 0.305
Experience 0.236 0.336
% Hispanic -0.534 0.298
% Black -0.783 0.139
% other -0.489 0.143

Panel B: Teacher–School Interactions
% of students match minority 1.230 0.119
Teacher education * Average test scores 0.130 0.236
Teacher education * % minority 0.424 0.462
Teacher experience * Average test scores 0.051 0.260
Teacher experience * % minority -0.463 0.503
Teacher experience * Average teacher experience 0.033 0.041

Panel C: Shifter
Delta ITS rounds 0.037 0.026

Std. Dev. of teacher effects (ϕi) 0.119
Std. Dev. of idiosyncratic taste shock for teachers (ηv

is) 0.020

Note: The table shows the mean and the standard deviation of the estimated chains of the parameters of the

school principal decision model on the full set of characteristics. Panel A presents parameters associated

with teacher characteristics. Panel B presents parameters associatedwith the interaction between the teacher

and school characteristics. Minority is defined as non-White. We report the standard deviation, not the

variance, for ϕi and ηv
is .
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D.1 Alternative School Principal Decisions Shifter

Table D.12: Estimated Parameters of the Outcomes Model - Alternative Shifter

Mean Std. Dev.

Panel A: Student Characteristics

Previous score 0.77 0.001

Race - Black -0.127 0.003

Male -0.012 0.002

Low income -0.142 0.005

Panel B: Teacher Characteristics

Male -0.022 0.005

Education -0.003 0.002

Experience 2 to 3 0.02 0.004

Experience 4 to 6 0.022 0.005

Experience 7+ 0.028 0.005

Panel C: School Characteristics

% low income -0.024 0.018

Panel D: Student-teacher Interactions

Match minority student 0.003 0.002

Same gender student 0.005 0.002

Education * Minority 0.005 0.002

Education * Previous Score -0.003 0.001

Experience * Minority 0.002 0.002

Experience * Previous Score -0.002 0.001

Std. Dev. of Teacher General Effectiveness (θi) 0.0815

Std. Dev. of Teacher-School Unobservable Match Effectiveness (ηy
is) 3.5e-04

Note: The table shows the mean and the standard deviation of the last realizations from the chains of

each estimated parameter when we use the alternative school principal shifter as described in Section

5.3. Panel A presents parameters associated with student’s own characteristics. For the race dummy, the

omitted category is White. Panels B and C present the parameters associated with the teacher and school

characteristics. Panel D presents parameters associated with the interaction between student and teacher

characteristics. Minority is defined as non-White. Note that we report the standard deviation, and not the

variance of θi as well as ηy
is .
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Table D.13: Estimated Parameters of Teacher Utility - Alternative Shifter

Mean Std. Dev.
Panel A: School Characteristics - Students
% Low Income -0.100 0.049
Average test scores 0.012 0.121
% Black -0.224 0.347

Panel B: School Characteristics - Teachers
% Black 0.308 0.375
Average teacher experience 0.046 0.020
Driving time -0.010 0.001
Inertia 3.584 0.034

Panel C: Teacher-School Interactions
% of students match minority 0.497 0.049
Education * Average test scores 0.120 0.028
Education * % minority 0.099 0.021
Experience * Average test scores -0.063 0.036
Experience * % minority -0.318 0.026
Experience * Average teacher experience 0.008 0.013

Std. Dev. of Teacher-School Unobservable Match Effects (ηu
is) 0.492

Note: The table shows the mean and the standard deviation of the last realizations from the chains of each

estimated parameter when we use the alternative school principal shifter as described in Section 5.3.
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Table D.14: Estimated Parameters of Principal Decision - Alternative Shifter

Mean Std. Dev.
Panel A: Teacher Characteristics
Male 0.027 0.082
Education -0.297 0.31
Experience 0.22 0.346
Race - Black 0.663 0.183

Panel B: Teacher-School Interactions
% of students match minority -0.341 0.177
Education * Average test scores 0.098 0.242
Education * % minority 0.467 0.470
Experience * Average test scores -0.003 0.266
Experience * % minority -0.149 0.521
Experience * Average teacher experience 0.010 0.041

Panel C: Shifter
% of teachers match minority 1.136 0.097

Std. Dev. of Teacher Effects (ϕi) 0.185
Std. Dev. of Teacher-School Unobservable Match Effects (ηv

is) 0.013

Note: The table shows the mean and the standard deviation of the last realizations from the chains of each
estimated parameter when we use the alternative school principal shifter as described in Section 5.3.

Table D.15: Correlations between Decisions and Outcomes - Alternative Shifter

xxxOutcomesxxx School Decision Teacher Utility
∆ykt ∆vist ∆uist

From percentile 1 to 99
Teacher general effectiveness, θi 0.388 0.832

(0.021) (0.20)
Unobservable match effects, ηy

is 0.002 0.001 -1.269
(0.0002) (0.052) (0.402)

Observable match effects 0.036 0.127 -0.081
(0.005) (0.745) (0.041)

Note: This table presents the decomposition of the gains in average test scores in standard deviation (SD)
terms under the four counterfactual scenarios relative to the outcomes under the observed assignmentwhen
we use the alternative school principal shifter as described in Section 5.3. Standard errors in parentheses.
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D.2 Additional Controls for Teachers’ Utility Shifter

Table D.16: Estimated Parameters of the Student Outcomes Model - Model with Atten-
dance Boundary Dummy

Mean Std. Dev.
Panel A: Student Characteristics
Previous score 0.770 0.001
Race – Black -0.127 0.003
Male -0.012 0.002
Low income -0.142 0.005

Panel B: Teacher Characteristics
Male -0.022 0.005
Education -0.003 0.002
Experience 2 to 3 0.019 0.005
Experience 4 to 6 0.021 0.005
Experience 7+ 0.026 0.005
Attendance Boundary dummy -0.032 0.009

Panel C: School Characteristics
% low income -0.024 0.018

Panel D: Student–Teacher Interactions
Match minority student 0.003 0.003
Same-gender student 0.005 0.002
Teacher education * Student minority 0.005 0.002
Teacher education * Student previous Score -0.003 0.001
Teacher experience * Student minority 0.002 0.002
Teacher experience * Student previous Score -0.002 0.001

Std. Dev. of teacher general effectiveness (θi) 0.0811
Std. Dev. of teacher–school unobservables match effectiveness (ηy

is) 3.5e-04

Note: The table shows the mean and the standard deviation of the estimated chains of the parameters

of the student outcomes model (Equation 4), including attendance boundary dummies in the outcomes

equation. Panel A presents parameters associated with student’s own characteristics. For the race dummy,

the omitted category isWhite. Panels B andC present the parameters associatedwith the teacher and school

characteristics. Panel D presents parameters associated with the interaction between student and teacher

characteristics. Minority is defined as non-White. Note that we report the standard deviation, and not the

variance of θi as well as ηy
is .
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Table D.17: Estimated Parameters of Teacher Utilities - Model with Attendance Boundary
Dummy

Mean Std. Dev.
Panel A: School Characteristics – Students
% Low Income -0.100 0.047
Average test scores 0.011 0.121
% Black -0.211 0.333

Panel B: School Characteristics – Teachers
% Black 0.293 0.374
Average teacher experience 0.049 0.021
Inertia 3.585 0.034

Panel C: Teacher–School Interactions
% of students match minority 0.500 0.051
% of teachers match minority 0.455 0.048
Teacher education * Average test scores 0.122 0.029
Teacher education * % minority 0.099 0.022
Teacher experience * Average test scores -0.065 0.037
Teacher experience * % minority -0.319 0.026
Teacher experience * Average teacher experience 0.007 0.014

Panel D: Shifter
Driving time -0.01 0.001

Std. Dev. of idiosyncratic taste shock for schools (ηu
is) 0.494

Note: The table shows the mean and the standard deviation of the estimated chains of the parameters of

the teacher utility model (Equation 5), including attendance boundary dummies in the outcomes equation.

Panels A and B presents parameters associated with the school’s students and teachers characteristics,

respectively. Driving time is measured in minutes. Panel C presents parameters associated with the

interaction between the teacher and school characteristics . Minority is defined as non-White. We report

the standard deviation, and not the variance for ηu
is .
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