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Abstract

We quantify the value of discretionary hiring through signal extraction in teacher

recruiting. Using rich data on schools’ evaluations of candidates in Peru’s nation-

wide teacher allocation platform, we find that discretion improves expected student

achievement on average relative to test-based hiring, but gains vary across schools. We

estimate a model separating heterogeneity in schools’ objectives from heterogeneity in

signal-extraction ability. Both margins explain one quarter of the variance in these

gains, with the latter alone accounting for 11 percent. Disclosing teacher value-added

estimates eliminates signal-extraction heterogeneity and more than doubles the sta-

tus quo gains, but leaves cross-school inequality unchanged as heterogeneity in school

objectives becomes more consequential.
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1 Introduction

Hiring under uncertainty creates a fundamental organizational trade-off. Centralized screen-

ing can discipline selection by relying on standardized and observable information, but local

decision makers may possess or acquire additional information about worker productivity

(Aghion and Tirole, 1997; Dessein, 2002). Granting them discretion can therefore improve

selection, but its benefits depend both on the quality of the information they extract and on

the private objectives they are pursuing (Hoffman et al., 2018; Frankel, 2021). When decision

makers differ along either dimension, the returns to discretion may vary substantially across

firms. Understanding the sources of such heterogeneity is central to the design of screening

and delegation in hiring.

Teacher recruiting provides a particularly important setting in which to study this trade-

off. Teachers are among the most important inputs in the education production function, and

being exposed to effective teachers has important consequences for both contemporaneous

achievement and long-run outcomes (Rockoff, 2004; Rivkin et al., 2005; Chetty et al., 2014b).

Yet we still know comparatively little about how to allocate effective teachers to the schools

where they matter most. Recent work studies how compensation and assignment policies can

attract effective teachers to disadvantaged or hard-to-staff schools (Biasi et al., 2021; Bobba

et al., 2021). These policies, however, can only improve teacher allocation if schools are able

to identify and select effective teachers among the applicants they face (Bates et al., 2025).

We therefore ask when discretion improves teacher selection, whether its value differs across

schools, and how screening policy should be designed.

We study these questions in Peru’s recruitment system for public-school teachers, which

combines centralized screening with school-level discretion. We observe how schools evaluate

candidates at different stages of the hiring process and link recruited teachers to subsequent

student outcomes. We first estimate teacher effectiveness and show that discretionary screen-

ing generates positive but modest average gains in expected student achievement relative to

test-based hiring, with substantial heterogeneity across schools. We then develop a model of

hiring under uncertainty and learning that separates schools’ objective function from the in-

formation they acquire during screening. The estimates imply substantial heterogeneity along

both dimensions and show that both explain one quarter of the variance in estimated gains

from discretion across schools. Finally, counterfactual simulations show that disclosing stan-
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dardized information on teacher effectiveness can substantially improve aggregate selection

gains by removing heterogeneity in signal extraction, but does little to reduce cross-school

inequality in screening performance, as differences in school objectives become increasingly

salient.

Permanent teachers in Peru are hired through a two-stage process combining centralized

screening with decentralized school evaluation. Applicants first take a national test and

submit rank-ordered lists of schools. Applicants are then shortlisted in their preferred schools

by order of their test score rank to be evaluated by each school in a second stage. School

committees then have substantial discretion over candidate rankings through a CV review and

a set of in-person interviews. Pre-interview school rankings are only moderately correlated

with the centralized test-score ranking. Schools also substantially reshuffle candidates as they

acquire additional information: about two-thirds change their rankings between the pre- and

post-interview stages with a rank correlation across the two stages of about 0.70. Schools

thus actively use their discretionary power when selecting among shortlisted candidates.

To quantify the value of discretion, we estimate a flexible model of teacher effectiveness

that allows teachers to differ in their average value-added and their comparative advantage

with respect to students’ prior achievement and gender. To address endogenous teacher

sorting across schools, we use a control function approach capturing selection on unobserved

match quality leveraging applicants’ revealed preferences through their rank-ordered school

choices. We then construct empirical-Bayes posterior measures of effectiveness for each ap-

plicant–school pair. Even after conditioning on observable proxies of quality, average teacher

effectiveness and match-effect coefficients remain highly heterogeneous: the residual standard

deviation of average effectiveness is 0.383, while the residual standard deviations of the slope

coefficient with respect to prior achievement and gender are 0.151 and 0.108.

We use these estimates to quantify how alternative screening rules affect expected student

achievement, holding fixed the candidate set faced by each school. Ranking candidates by

the centralized test score raises expected achievement by 0.010 standard deviations relative

to random selection from the same shortlist. The pre-interview school ranking generates

a similar gain of 0.011, but rises to 0.025 after the interview. The additional information

acquired during screening therefore raises expected achievement by 0.014 standard deviations

on average. This average effect masks substantial heterogeneity: the standard deviation of

these gains across schools is about 0.19. Discretionary evaluation also changes selection along
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other dimensions, most notably in favor of male applicants and incumbents. School rankings

differ systematically from a rule based on predicted teacher effectiveness. The data therefore

point to two distinct sources of heterogeneity in screening performance: differences in schools’

ability to acquire productivity-relevant information during the interview and differences in

how much schools value teacher effectiveness.

To separate these channels and understand their influence on screening effectiveness, we

develop an empirical model of discretionary hiring and learning. Schools begin with beliefs

about applicant effectiveness and receive a private productivity signal during the interview.

We allow the precision of schools prior to depend on whether an applicant is an incumbent

or not. We also allow schools to value candidate attributes other than expected teacher effec-

tiveness, including traits that may themselves be productive but are not captured by student

test-score value added. We model preferences over these other traits as a function of observ-

able candidate attributes whose effects may differ before and after the interview, together

with unobservable match-specific attributes containing both a persistent and transitory com-

ponent. This allows rankings to reflect learning about productivity as well as information

acquisition about other traits. Importantly, we allow for unobserved heterogeneity in the

weight schools place on expected teacher effectiveness and in the precision of the signal they

extract during the interview, which we call signal extraction ability.

Identification relies primarily on observing complete rankings of the same candidate set

before and after schools acquire additional information. Pre-interview rankings identify how

schools trade off expected effectiveness against other observed and unobserved candidate

attributes. Post-interview rank changes identify signal precision from the extent to which

candidates move according to posterior mean shifts in teacher value added relative to prior

expectations. Observing complete rankings of candidates as well as schools repeatedly partic-

ipating in the recruitment process over several years provides additional variation to recover

the distribution of latent school heterogeneity in preferences and signal extraction ability.

Our estimates imply substantial heterogeneity along both dimensions. For schools in

the top decile of the distribution of weight placed on effectiveness, the rank correlation be-

tween expected teacher effectiveness and the overall pre-interview ranking reaches about 0.21,

while being close to zero among schools placing the least weight on effectiveness. The average

posterior weight on the private signal schools receive during the interview is 0.23, with a stan-

dard deviation of 0.26. Among schools in the top decile of the signal-precision distribution,
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post-interview beliefs correlate with underlying teacher effectiveness by as much as 0.76.

We also find essentially no additional pre-interview productivity information about inter-

nal candidates, despite their substantially higher probability of selection after discretionary

evaluation. The estimated model closely reproduces rank persistence and reshuffling across

stages, the cross-school dispersion in productivity gains, the value-added gain generated by

learning, and changes in candidates selection based on observable characteristics.

Using the estimated model, we show that selection gains are concentrated among schools

that both place greater weight on teacher effectiveness and receive more precise productivity

signals while schools below the median on both dimensions generate essentially no gain from

discretionary evaluation relative to test-based hiring. Heterogeneity in school objectives and

signal extraction jointly account for 24.4 percent of the variance in selection gains across

schools. Varying the weight on effectiveness alone accounts for 17 percent and varying signal

precision alone for 11.4 percent. Strikingly, observable school and principal characteristics

explain virtually none of the variation in either dimension. Identifying ex-ante which schools

will use discretion effectively is therefore challenging, motivating policies that address infor-

mation frictions directly rather than screening school principals or targeting delegation.

Finally, we compare counterfactual screening regimes that vary the information available

to schools and the amount of discretion they possess. Replacing the interview with direct

disclosure of teacher value-added estimates generates an average gain of 0.070 standard de-

viations in expected student achievement relative to random selection, more than doubling

the status quo gains. Eliminating all uncertainty about teacher effectiveness raises it further

to 0.105. These gains nevertheless remain well below the 0.265 achieved by assigning the

position to the candidate with the highest posterior expected effectiveness. Heterogeneity

in schools’ objective functions thus impose a tight upper bound on the potential aggregate

gains from improving information acquisition through discretionary screening. Disclosing

standardized information is also ineffective at reducing cross-school inequality in screening

performance. As information about candidates’ productivity becomes increasingly accurate,

differences in schools’ objectives become more consequential: the share of the variance of

selection gains attributable to school heterogeneity rises from 24.4 percent under the status

quo to 29.7 percent under standardized disclosure and to 40 percent under full information,

while the dispersion in expected selected teacher effectiveness remains essentially unchanged.

Better information thus removes one source of heterogeneity while making another more
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salient, suggesting that effective screening policy design should account for the strong com-

plementarity between information and agency frictions.

Our paper first contributes to the literature on equilibrium sorting in teacher labor mar-

kets. Recent work studies how compensation and other non-pecuniary motives shape teacher

sorting and student achievement (Bobba et al., 2021; Biasi et al., 2021; Bates et al., 2025; Ed-

erer, 2023). Much less is known about the demand side of teacher allocation, despite evidence

that supply-side interventions may have limited effects when schools do not hire teachers on

the basis of effectiveness (Bates et al., 2025; Colas and Fu, 2025). At the same time, previous

work suggests that discretionary evaluations can contain valuable information about teacher

effectiveness beyond observable characteristics (Jacob and Lefgren, 2008; Rockoff and Sper-

oni, 2010; Jacob et al., 2018). We contribute to this literature by studying the efficiency and

equity consequences of allowing for discretion in teacher hiring. We find positive average

gains from school-level discretion relative to test-based hiring, but substantial heterogeneity

across schools. Providing standardized information has large aggregate effects and eliminates

the role of heterogeneity in signal-extraction ability. However, hiring outcomes remain highly

unequal, as differences in school objectives become more consequential. Unpacking the effect

of both sources of heterogeneity is thus crucial for screening policy design.

We also contribute to the literature on learning and information in labor markets and

bridge it to work in personnel economics on discretion and worker selection. A large literature

studies how employers learn about worker productivity and how information frictions affect

labor-market outcomes (Jovanovic, 1979; Farber and Gibbons, 1996; Altonji and Pierret,

2001; Kahn and Lange, 2014; Pallais, 2014; Carranza et al., 2022; Lessem and Miller, 2026)

while other work studies the role of managers and discretion in hiring (Autor and Scarbor-

ough, 2008; Hoffman et al., 2018; Estrada, 2019; Colonnelli et al., 2020; Weaver, 2021). We

allow schools to differ both in their ability to extract productivity-relevant information and

in the weight they place on productivity. We identify these margins separately by leveraging

rich data on complete rankings of the same candidate sets before and after schools acquire

additional information, which we can benchmark against a direct measure of worker produc-

tivity. Heterogeneity in signal-extraction ability accounts for 11 percent of the variance in

gains from discretion across schools, while heterogeneity in schools’ objectives accounts for 17

percent. Separating the two channels is therefore important for understanding why discretion

performs differently across organizations and for designing screening and delegation policies.
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2 Context and Data

2.1 The Allocation Mechanism for Permanent Teachers

There are two types of teaching positions in Perú’s public schools. Short-term contracts

last for up to two years and pay a flat wage. Permanent positions are of indefinite length,

carry wages that increase with experience, and constitute the career track of the public

teaching profession. Since 2015, all positions are assigned through nationwide, centralized

recruitment drives administered by the Ministry of Education. Bobba et al. (2021) provide a

description of the assignment mechanism, the structure of compensation, and the associated

sorting implications for teachers who apply for short-term positions. In this paper, we focus

instead on the recruitment process of permanent teachers, which combines a centralized,

pre-screening stage with a school-based selection stage.

All applicants take a standardized test (Prueba Única Nacional, PUN) evaluating skills

and curricular knowledge. Only candidates scoring above 60% in each component of the

PUN are eligible for permanent positions, while lower-scoring applicants may pursue short-

term contract positions. Once the Ministry of Education makes the list of vacant permanent

positions publicly available, applicants eligible for a permanent position choose a school

district and submit a rank-ordered list (ROL) of schools within that school district. The

maximum length of the rank-ordered lists submitted by applicants was five schools in 2015

but became unrestricted from 2017 onward.

Teacher candidates are then ranked by test score and assigned sequentially to their three

top-ranked schools among those with available interview slots, generating school-specific

shortlists of at most ten candidates.1 An applicant may therefore be evaluated by multi-

ple schools in the same recruitment drive, and we refer to each school-year shortlist as a

recruitment contest. Each school evaluates its shortlisted candidates. School committees

are led by the school principal, and include the deputy principal (or a designated teacher)

alongside another appointed teacher. The committee sequentially deploys three screening de-

vices: (CV) an evaluation of the applicant’s curriculum vitae, where candidates’ submitted

documents are authenticated against their online qualifications and experience declarations;

(Inter) a personal interview assessing the candidate’s overall fit with the school; and (Class)

1The maximum shortlist size was 20 candidates in 2015; in 2017 it was 10 candidates for single-vacancy
contests and 15 for contests with multiple vacancies; from 2018 onward it was 10.
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a live classroom demonstration session assessing pedagogical skills. The final ranking, which

determines the sequence in which offers are made through the platform, integrates the test-

based component and the school-based screening components.

2.2 Data Sources and Sample Composition

We combine several administrative datasets containing detailed information on the national

recruitment drives for permanent, public-teacher positions for the years 2015, 2017, 2018,

and 2019. We observe the universe of applicants and job postings, the rank-ordered lists of

schools submitted by applicants, the set of short-listed candidates evaluated by each school,

and the candidate rankings at each stage of the school-based evaluation. Our analysis centers

on public primary education, which offers the broadest geographic coverage of any schooling

level in Perú.

We link this rich dataset on the recruitment process of permanent teachers to additional

data sources. Payroll registries track all teachers and school principals in the Peruvian public

school system from 2014 to 2023. This information allows us to identify which teacher was

selected for a position in any given school-year as well as who was the principal in that school-

year. We additionally obtain applicants’ residential locations from administrative household

records, which allow us to construct the distance between each applicant’s residence and each

school. The employment histories also allow us to identify applicants already working at the

recruiting school, whom we refer to as internal candidates. The school census provides us with

detailed information on teacher composition, infrastructure (including libraries, computers,

classrooms, and sports facilities), and access to school-level amenities such as electricity, wa-

ter, internet, banking, and public libraries. Student academic performance is obtained from

a national standardized assessment (ECE - Evaluación Censal de Estudiantes) that measures

proficiency in mathematics and Spanish language. This evaluation provides individual test

scores for second- and fourth-grade students attending public primary schools in 2016 and

2018, which we can link to their respective classroom and teacher identifiers through an

administrative teacher-classroom dataset (SIAGIE - Sistema de Información de Apoyo a la

Gestión de la Institución Educativa).

We construct three samples corresponding to the different stages of our empirical analy-

sis. The applicant choice sample is used to estimate applicants’ preferences over schools and

construct the applicant types and control-function terms used to estimate teacher effective-
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ness. We retain applicants and vacancies for which the applicant, school, and geographic

characteristics entering the choice model are observed. The resulting sample contains 10,908

applicants observed over 15,400 applicant-year observations and 20,114 vacancies in 6,417

schools.

The outcome sample is used to estimate teacher effectiveness. We link teachers in the

applicant choice sample to fourth-grade classrooms observed in the 2016 and 2018 student

assessments. We retain students with the achievement, demographic, classroom, and school

characteristics required by the value-added specification and teachers with sufficient within-

teacher variation in student characteristics to estimate the heterogeneous teacher effects de-

scribed in Section 3. The resulting sample contains 28,283 students taught by 1,425 teachers,

corresponding to 1,527 teacher-year observations in 1,273 schools.

Finally, the interview sample is used to study schools’ rankings and estimate the hiring

model. We retain shortlisted applicant-school pairs for which candidates participated in

the CV, interview, and classroom-observation stages and for which prior expected teacher

effectiveness can be constructed. We exclude bilingual and single-teacher schools and retain

school-year contests with at least two candidates after imposing these restrictions. The final

sample contains 14,479 evaluated applicant-school pairs involving 7,062 applicants in 3,642

school-year contests and 2,874 schools.

The three samples are constructed for different empirical purposes and therefore need not

have the same composition. For instance, the applicant choice sample includes applicants

and vacancies that ultimately remain unmatched, whereas the outcome sample necessarily

requires a realized teacher–classroom match for which student achievement is observed. Sim-

ilarly, the interview sample contains only schools for which a shortlist of evaluated candidates

is observed; schools that receive no relevant applications or do not reach the school-based

evaluation stage do not enter this sample. Differences in observable characteristics across

the three samples therefore largely reflect these distinct sampling requirements rather than

attrition from a common estimation sample. Appendix Table A.1 reports summary statistics

for selected applicant and school characteristics across the three samples, together with the

corresponding sample sizes.
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2.3 Discretion and the Interpretation of School Rankings

Our analysis below uses the rankings generated by school committees as revealed measures of

how schools value candidates given the information available at each stage of the recruitment

process. In particular, we distinguish in the rest of the analysis between a pre-interview

ranking, based on the CV score assigned by the school, and a post-interview ranking, based

on the cumulative score assigned across all three stages of discretionary evaluation—the

CV review, interview, and classroom demonstration. We interpret the change between these

rankings as reflecting both schools’ objectives and the additional information acquired during

the evaluation process. This interpretation requires that the institutional scoring system leave

schools meaningful latitude to reorder candidates, rather than mechanically determining

rankings from centralized test scores or applicant characteristics. We therefore examine

whether schools exercise discretion in practice and whether the resulting rankings appear

to reflect the schools’ own evaluations rather than mechanical or strategic features of the

assignment process.

Figure 1 shows that schools make substantial use of this discretion. Panel (a) compares

candidates’ rankings across the successive stages of school evaluation. The pre-interview

ranking is only moderately correlated with the centralized test-score ranking, and subsequent

evaluation further changes candidates’ relative positions. Thus, the school rankings used in

the analysis contain substantial variation beyond the ordering generated by the centralized

test. Panel (b) asks whether these changes are large enough to affect which candidate would

ultimately be favored for appointment. The figure therefore tracks how often the identity

of the top-ranked candidate under a cumulative score that adds the school-assigned scores

to the centralized test score changes as the CV, interview, and classroom-observation scores

are sequentially incorporated. The frequent changes in the leading candidate show that the

discretion exercised by schools is consequential for the outcome of the selection process.

The variation in school rankings is also not simply a mechanical consequence of the scor-

ing rubric. Table A.2 relates the CV score to the applicant characteristics observed by the

committee and subsequently included in our model. These characteristics explain part of the

variation in CV scores, but leave substantial residual variation, indicating that committees

retain considerable discretion even at the first stage of school evaluation. Appendix Figure

A.1 provides two additional checks on how this discretion is exercised. Panel (a) shows that

the scores assigned during the different stages of school evaluation are not systematically

10



Figure 1: The Role of School Committees in the Selection Process

a) Rank correlation across stages
b) Probability of a Change in the

Top-Ranked Candidate

Notes: Panel (a) reports pooled Pearson correlations between candidates’ rank positions across stages of the school-level
selection process. The test-score ranking is based on the centralized test score; the subsequent school rankings are based on
the CV score, the cumulative CV and interview scores, and the cumulative CV, interview, and classroom-observation scores,
respectively. Correlations are computed across candidate–contest observations without normalizing ranks by contest size or
reweighting contests. Panel (b) reports the probability that the identity of the top-ranked candidate changes as successive
school-evaluation components are incorporated into the official cumulative merit score. The merit scores at the four stages are
the centralized test score; test score plus CV score; test score plus CV and interview scores; and test score plus CV, interview,
and classroom-observation scores. The light bars compare each stage with the preceding stage, while the dark bars compare it
with the initial test-score ranking. Exact ties in cumulative merit scores are broken first by the centralized test score and then
using a common fixed tie-breaker.

related to candidates’ initial positions in the centralized test-score ranking. Panel (b) simi-

larly shows that, comparing the same applicant across schools, evaluation scores are largely

unrelated to the applicant’s position in competing shortlists. Thus, schools do not appear to

systematically adjust their evaluations either to preserve or overturn the initial ordering of

candidates, or in response to candidates’ prospects elsewhere.

Taken together, these patterns support treating the pre- and post-interview rankings as

meaningful revealed rankings of candidates by schools under different information sets. We

use these rankings in two steps. Section 3 first asks whether selecting candidates according to

the observed rankings improves expected student achievement relative to alternative screening

rules. Sections 4–5 then formalize how schools’ ranking objectives and information acquisition

shape the observed changes from the pre- to the post-interview ranking. Throughout the

analysis, we hold the realized candidate sets fixed, so both estimates and counterfactuals

capture changes in whom schools select from a given shortlist.
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3 Discretionary Hiring and Teacher Effectiveness

3.1 Conceptual Framework

Our object of interest is the effect of alternative hiring rules on the achievement of the

students who will be taught by the selected teacher. Consider a set of schools i = 1, . . . , N

and a set of applicants j = 1, . . . , J . Let Yℓj denote the potential test score of student ℓ if

taught by teacher j, and suppose

Yℓj = αj +X ′
ℓβj + Z ′

ℓγ + ϵℓj, (1)

where E[ϵℓj | Xℓ, Zℓ] = 0 by construction. The vector Xℓ contains student characteristics

along which we allow teacher effectiveness to vary, while Zℓ contains additional student,

classroom, and school controls. We normalize Xℓ to have mean zero, so that αj can be

interpreted as the average treatment effect (ATE) of teacher j and βj captures comparative

advantage across students with different characteristics.

Let Li denote the population of students in school i. We define the expected school-level

potential outcome associated with assigning teacher j to school i as average expected student

achievement,

Yij ≡ E

[
1

|Li|
∑
ℓ∈Li

Yℓj

∣∣∣∣∣ {Xℓ, Zℓ}ℓ∈Li

]
= αj +X ′

iβj + Z ′
iγ,

where Xi and Zi denote school averages of the corresponding student characteristics. We

define teacher j’s expected effectiveness in school i as

qij ≡ αj +X ′
iβj. (2)

Thus, Yij = qij + Z ′
iγ.

Consider now a school contest i with realized candidate set Ji. Throughout, we evaluate

alternative hiring rules holding fixed this realized candidate set. Thus, our estimand captures

the effect of selecting different candidates from a given shortlist rather than the effect of the

recruitment mechanism on the composition of that shortlist.

For any selection rule r, let ji(r) denote the candidate ranked first under that rule. The
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corresponding expected school-level potential outcome is

Yi(r) = Yiji(r) = qiji(r) + Z ′
iγ. (3)

We take random selection from the same realized candidate set as the benchmark. Under

random selection, each candidate in Ji is selected with equal probability, so the expected

school-level outcome is

Yi(0) =
1

|Ji|
∑
j∈Ji

Yij =
1

|Ji|
∑
j∈Ji

qij + Z ′
iγ.

The treatment effect of selection rule r, relative to random selection, is therefore

τi(r) ≡ Yi(r)− Yi(0) = qiji(r) −
1

|Ji|
∑
j∈Ji

qij. (4)

The gain in teacher effectiveness relative to random selection therefore measures the effect of

the hiring rule on expected student achievement, holding fixed the realized candidate pool

and the student population of the school.

Provided that qij is known for every candidate in the shortlist, equation (4) identifies

the treatment effect associated with each selection rule for every school contest. We can

therefore identify both the average of these effects across contests and their cross-school

distribution. Our data contain the full shortlist Ji and the rankings generated at each stage

of the recruitment process, so the candidate selected under the observed rules is known and

the selected candidate under alternative rules can be constructed. The remaining empirical

challenge is to recover qij for the candidates in each shortlist from realized student outcomes.

We turn to this measurement problem next.

3.2 Measuring Teacher Effectiveness

We denote Sℓ ∈ {1, . . . , J} as the realized assignment of student ℓ to teachers and define

Yℓ =
∑

j Yℓj1{Sℓ = j} as the observed realized test score of student ℓ. The vector Xℓ in

equation (1) includes the student’s lagged math test score (2nd grade) and gender.2 The

vector Zℓ contains squared lagged math achievement, ethnolinguistic background, and age

2This specification for match effects mirrors recent work in the school/teacher value-added literature
(Abdulkadiroğlu et al., 2020; Bobba et al., 2021; Ahn et al., 2025; Laverde et al., 2025).
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at the student level; school and classroom averages of lagged math achievement, gender,

ethnolinguistic background, and age; classroom size and its square; and school-level controls

for local amenities, travel time to the provincial capital, log population, and the interaction

between travel time and log population.

Although ϵℓj has mean zero before conditioning on the realized assignment, this may not

be true once we condition on Sℓ. In particular, E[ϵℓj | Xℓ, Zℓ, Sℓ = j] may be nonzero because

the realized teacher–school matches are selected either because applicants may sort across

schools on unobserved determinants of their preferences that are correlated with teacher–

school productivity or because schools may rank candidates using private information about

unobserved teacher–school match effects.

We first address selection generated by applicants’ choices over schools. Following Ab-

dulkadiroğlu et al. (2020), we use the observed rank-ordered lists Rj submitted by applicants

to control for selection on unobserved teacher preferences for schools. We specify the indirect

utility that applicant j gets from being matched with school i as

Uij = u(zj, xi, dij, τj) + ηij, (5)

where u(xi, zj, dij, τj) is a flexible function of observed applicant characteristics zj, school

characteristics xi, distance between applicants and schools dij, an unobserved type τj =

1, ..., K, and an i.i.d. type-I extreme value unobserved shock ηij. We denote the outside

option as i = 0, corresponding to the option value of participating in later rounds of the

centralized admission platform allocating temporary teaching positions. We parameterize its

systematic utility through an outside-option indicator whose coefficient varies with latent type

and observed applicant characteristics, and additionally allow the outside-option intercept to

vary across recruitment years.

We allow for selection on unobserved teachers’ preferences for their matched school in

the student outcome equation in the form of E[ϵℓj|Xℓ, Zℓ, Sℓ = j, ηi(ℓ)j] = φ(ηi(ℓ)j −µη) where

i(ℓ) denotes the school where student ℓ is enrolled in and µη = E[ηi(ℓ)j]. The parameter

φ captures linearly the relationship between unobserved applicant preferences and residual

productivity at that school. Applying the law of iterated expectations, we can thus rewrite

expected potential outcomes conditional on the realized teacher-school assignment as follows

E[Yℓj|Xℓ, Zℓ, Sℓ, Rj, zj, dj] = αj +X ′
ℓβj + Z ′

ℓγ + φλi(ℓ)(Rj, zj, dj), j = 1, ..., J, (6)
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where λi(ℓ)(Rj, zj, dj) := E[ηi(ℓ)j − µη|Rj, zj, dj] are control function terms to be con-

structed.

Identification of φ requires variables that shift applicants’ school choices, and therefore

the control-function term, without directly affecting student achievement conditional on Xℓ

and Zℓ. We use two such excluded preference shifters: the distance between the applicant’s

residence and the school and the wage attached to the position. Distance to home is a

standard preference shifter in school-choice and teacher-assignment settings (Walters, 2018;

Abdulkadiroğlu et al., 2017). Wages are determined by a known compensation schedule based

on predetermined school and locality characteristics. Both variables enter applicants’ utility

(5) but are excluded from the student-outcome equation (1).

Table A.6 assesses these exclusion restrictions using predetermined school outcomes that

are not included in the TVA equation. We regress pre-sample student dropout rates, end-

of-year examination failure rates, and year-to-year teacher retention on distance and wages,

conditional on a rich set of predetermined school characteristics, including the school-level

controls entering the outcome equation. The estimated associations are uniformly small in

magnitude. In particular, neither distance nor wages display economically meaningful re-

lationships with these predetermined outcomes, supporting the assumption that they shift

applicants’ preferences without directly capturing omitted determinants of student achieve-

ment.

Constructing the control function terms λ(·) requires estimating teachers’ preferences u(·)
in a first step. We assume that teachers rank schools by order of preferences such that we

can write the likelihood of observing Rj conditional on (zj,dj , τj) as the standard exploded

logit formula:

L(Rj|zj,dj , τj) =
N∏
i=1

(
exp{u(xi, zj, dij, τj)}∑

l:iRj l
exp{u(xl, zj, dlj, τj)}

)1{iRj0}

.

where the denominator sums over the set of alternatives ranked below i denoted as {l :

iRjl}. Estimating u(·) requires maximizing the sample log-likelihood after integrating out

the unobserved types τj.
3 We do so by using the EM algorithm with K = 3 and under the

3Although applicants formally choose a school district before submitting a rank-ordered list of schools
within that district, we do not condition the choice set on the realized chosen district. Schools outside the
chosen district enter the log-likelihood as unranked alternatives.
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following specification for u(·)

u(xi, zj, dij, τj) = z′jΘ1xi + z′jΘ2dij +Θ′
3,τj
xi +Θ′

4,τj
dij,

where the vector xi contains the wage offered in school i, an amenity/infrastructure index,4

indicators for whether school i belongs to specific categories that are eligible for specific

wage bonuses such as multi-grade, single-teacher, bilingual, and/or specific geographic areas,

the locality’s population and travel time (in hours) to the provincial capital, and school

averages of student characteristics including their 2nd grade test scores in math and Spanish,

gender, age, and ethnolinguistic background. The vector dij contains linear splines of the

geodesic distance between school i and teacher j’s home location, and an indicator for whether

teacher j was working in school i in the previous year. The vector zj contains an intercept,

gender, competency score, indicators for experience in the public and private sector, and

ethnolinguistic background. We report preference estimates in Table A.3.

We construct the control function terms λ(·) in a second step extending Dubin and McFad-

den (1984) to a setting with unobserved discrete types. In particular, for ranked alternatives

{k : kRj0}, one can write:

E[ηik − µη|Rj, zj,dj , τj] = log

∑
l:kRj l

exp{u(xl, zj, dlj, τj)}

− u(xk, zj, dkj, τj).

We then integrate out the unobserved types τj as follows:

E[ηik − µη|Rj, zj,dj ] =
K∑
k=1

P (τj = k|zj,dj , Rj)E[ηik − µη|Rj, zj, τj],

where πk = P (τj = k) denotes the population probability of type k and the posterior type

probabilities are given by

P (τj = k|zj,dj , Rj) =
πkL(Rj|zj,dj , τj = k)∑K
l=1 πlL(Rj|zj,dj , τj = l)

. (7)

We provide additional details as well as formulas for the control functions terms corresponding

4The amenity index is constructed by aggregating different indicators measuring the quality of infrastruc-
ture in the locality as well as an asset-based measure of poverty at the individual level that we aggregate at
the locality level (which enters with a negative sign in the overall index) by PCA.

16



to unranked alternatives in Appendix B.1.

Provided that there is sufficient within-teacher variation in Xℓ, a regression of Yℓ on

teacher fixed effects,Xℓ interacted with teacher fixed effects, Zℓ and the control function terms

yields consistent estimates of (αj, βj, γ, φ) denoted as (α̂j, β̂j, γ̂, φ̂) under these assumptions.5

The estimated control-function coefficient is small and statistically insignificant: φ̂ = 0.018

with a standard error of 0.014 in the baseline truth-telling specification (Table A.5). Thus,

after conditioning on the rich set of student, classroom, and school controls, selection on

unobserved determinants of applicants’ school preferences appears to have little empirical

effect on the TVA estimates.6

We also consider the second source of selection discussed above: school committees may

possess private information about match-specific productivity that is not captured by qij.

As a robustness check, we average the residuals from the baseline TVA regression at the

teacher–school–year level and regress them separately on the candidate’s CV, interview, and

classroom-observation scores, each standardized within the original school contest. If com-

mittees possess economically important private information about the residual component

of productivity, candidates receiving higher screening scores should subsequently generate

higher residual student achievement. Table A.7 shows that the estimated coefficients are

uniformly small in magnitude and not systematically positive, providing limited evidence

that school evaluations select candidates based on a teacher–school match component omit-

ted from our TVA measure.

We then use these estimates to estimate the prior distribution of the teacher-specific

average effectiveness and comparative advantage parameters θj = (αj, βj). Assuming that

the value-added estimates are approximately normal,

θ̂j|θj, Ω̂j ∼ N (θj, Ω̂j),

5This approach does not address selection on unobservables generated by endogenous sorting of students
across schools or classrooms. Addressing these additional margins would require separate sources of exogenous
variation affecting students’ school choices or within-school classroom assignments.

6This finding is consistent with Bobba et al. (2021), who obtain a similarly small control-function correction
when estimating teacher value added in the same institutional setting. We treat the estimated first-stage
preference parameters as fixed when computing uncertainty in the TVA estimates. Given that the estimated
control-function coefficient is very close to zero, accounting for uncertainty in the estimated control-function
terms should be quantitatively immaterial here; Bobba et al. (2021) find the corresponding adjustment to be
negligible in a closely related implementation.
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we specify a normal joint prior on θj conditional on (zj, τj)

θj|zj, τj ∼ N (µθ(zj, τj),Σθ). (8)

We assume that latent types are unobserved both by the econometrician and the school but

that the submitted ROLs Rj are observed such that the prior distribution of θj conditional

on (zj,dj , Rj) is

θj|zj,dj , Rj ∼
K∑
k=1

P (τj = k|zj,dj , Rj)N (µθ(zj, τj = k),Σθ).

We estimate the prior distribution by ML after specifying µθ(·) as:

µθ(zj, τj) = Λ1zj + Λ2,τj .

Finally, we construct shrunken estimates of θj denoted as θ∗j corresponding to posterior

beliefs about θj after observing the estimates θ̂j

θ̂∗j =
K∑
k=1

P (τj = k|zj, dj, Rj)(Ω̂
−1
j + Σ̂−1

θ )−1(Ω̂−1
j θ̂j + Σ̂−1

θ µ̂θ(zj, τj = k)). (9)

We keep the posterior type probabilities inferred from applicants’ ROLs fixed when con-

structing these empirical-Bayes posterior means. Finally, for each applicant–school pair, we

evaluate the shrunken coefficients at the student composition of school i to obtain

q̂∗ij = α̂∗
j +X ′

iβ̂
∗
j .

Our baseline estimates above treat submitted rankings as truthful. Because applicants

may instead strategically omit schools they regard as infeasible, we assess an alternative

identification strategy following Fack et al. (2019).7 Under this approach, applicants are

assumed to be shortlisted at their preferred schools among those feasible for them, so that

7Appendix Figure A.2 shows that application probabilities respond only modestly to whether an appli-
cant’s test score would place her inside rather than outside a school’s shortlist, and there is little systematic
gradient in application behavior conditional on being feasible. Thus, any strategic behavior appears quanti-
tatively limited and, if anything, takes the form of omitting schools that applicants are unlikely to reach—a
behavior explicitly accommodated by the stability-based estimator described here.

18



Table 1: Distribution of Teacher Effectiveness

ATE
Lagged
score

Female

Panel A. Prior mean

Baseline (τ = 1) -0.036 0.525 -0.057

(0.051) (0.026) (0.032)

Baseline (τ = 2) 0.005 0.593 -0.046

(0.071) (0.033) (0.044)

Baseline (τ = 3) -0.122 0.539 -0.059

(0.056) (0.028) (0.036)

Female 0.057 -0.032 -0.045

(0.031) (0.016) (0.021)

Test score 0.096 0.008 -0.001

(0.024) (0.012) (0.014)

Quechua 0.007 -0.009 0.013

(0.050) (0.022) (0.035)

Exp public > 0 0.028 -0.012 0.010

(0.037) (0.018) (0.022)

Exp private > 0 0.065 0.019 -0.003

(0.030) (0.015) (0.020)

Panel B. Prior variance

Standard deviation 0.383 0.151 0.108

(0.010) (0.007) (0.015)

Correlation with ATE -0.075 -0.066

(0.053) (0.107)

Correlation with lagged score 0.076

(0.119)

Notes. This table reports estimates of the prior distribution of the teacher-
effectiveness parameters θj = (αj , βj) defined in Section 3.2. The columns correspond
to average teacher effectiveness (ATE) and comparative advantage with respect to stu-
dents’ lagged achievement and gender, respectively. Panel A reports the estimated
prior mean function µθ(zj , τj). The first three rows report the type-specific baseline
means for τj = 1, 2, 3; the remaining rows report shifts in the prior mean associated
with observed applicant characteristics. Panel B reports the standard deviations and
pairwise correlations implied by the estimated prior variance-covariance matrix Σθ.
Standard errors are reported in parentheses.

observed assignments reveal choices from personalized feasible sets. Preference estimates

under this stability-based specification, reported in Table A.4, differ non-trivially from the

truth-telling estimates in Table A.3. These differences in the first-stage preference model,

however, have almost no effect on the resulting TVA estimates. Table A.5 shows that the

common outcome coefficients and the control-function coefficient are virtually unchanged:
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the stability-based estimate of φ is 0.022 with a standard error of 0.021. Figure A.3 shows

that the shrunken ATE estimates obtained under the two approaches lie almost exactly on the

45-degree line, with a correlation of 0.992. We therefore use the truth-telling-based estimates

throughout the remainder of the paper.

Panel A of Table 1 displays the estimates of the prior mean of θj. Female, higher-scoring,

and more experienced applicants have higher average TVA, while observable characteristics

explain relatively little of the variation in comparative advantage. The latent preference

types generate meaningful variation in average effectiveness, indicating that applicants’ pref-

erences over job attributes capture unobserved traits that are correlated with TVA. Panel B

reports the estimated prior variance-covariance matrix. Average effectiveness varies substan-

tially in our analysis sample, with a standard deviation of 0.383. The standard deviations

of the teacher-specific coefficients on lagged achievement and female are 0.151 and 0.108,

respectively. The correlations between average effectiveness and these two dimensions of

comparative advantage are small.

3.3 Results

Table 2 reports the average treatment effects defined above for several ranking rules, together

with the standard deviation of these effects across school contests. Test-score ranking gen-

erates a 0.010 standard-deviation gain in expected student achievement, while pre-interview

school rankings generate a similarly small gain of 0.011 standard deviations.

We next exploit the change between the pre- and post-interview rankings to measure the

effect of learning during the decentralized screening stage. Both rankings reflect discretionary

school choices, but are made under different information sets. To simplify exposition, and

consistently with the empirical framework that we will develop in Section 4, we consider

jointly the interview and classroom-demonstration stages and refer to the resulting ranking

as the post-interview ranking. The gain relative to random selection increases from 0.011

standard deviations before the interview to 0.025 afterwards. The additional information

acquired during discretionary evaluation therefore raises the expected student achievement

generated by the selected candidate by 0.014 standard deviations on average.

This provides direct evidence that schools learn about candidate characteristics that are

predictive of teacher effectiveness. While the average productivity gain may seem small, there

is substantial heterogeneity across school contests. The standard deviation of the contest-
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Table 2: Effects of Alternative Screening Rules on Expected Student Achievement

Test score
Pre-

interview
Post-

interview
Prior TVA

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

Mean gain in expected student achievement 0.010 0.011 0.025 0.016

(0.008) (0.008) (0.008) (0.008)

SD of gains across contests 0.192 0.189 0.193 0.190

(0.007) (0.006) (0.007) (0.007)

N. observations 526 526 526 526

N. schools 492 492 492 492

Notes. This table reports the mean and cross-contest standard deviation of the treatment effects τi(r) defined in equation (4)
for alternative screening rules, relative to random selection from the same realized candidate set. For each contest and
screening rule, the treatment effect is the expected effectiveness of the top-ranked candidate minus the average expected
effectiveness of candidates in the same contest. The sample consists of school × year contests with at least two candidates
for whom teacher value added can be estimated; rankings are recomputed within this sample. Each contest receives equal
weight. Standard errors are reported in parentheses and are clustered at the school level. Standard errors for the cross-contest
standard deviations are computed analytically using the influence function for the standard deviation, with the same school-
level clustering.

specific gains is 0.189 under the pre-interview ranking and 0.193 under the post-interview

ranking, both of which are substantial given the corresponding sample averages at 0.011 and

0.025 standard deviations, respectively.

Table 3 reports the corresponding selection effects on observed candidate characteristics.

Test-score ranking generates a large gain in applicants’ standardized test scores, 0.334 stan-

dard deviations, while having little effect on selection on other observed attributes such as

gender, ethnicity, and experience. Learning also changes selection along other dimensions.

For most observable characteristics, the selection effect moves closer to zero between the

pre- and post-interview rankings. Two notable exceptions are gender and internal-candidate

status. Relative to the pre-interview ranking, learning during the discretionary evaluation

reduces the probability that the top-ranked candidate is female by 3.0 percentage points and

increases the probability that the candidate is internal to the school by 2.8 percentage points.

These changes may reflect biased interpretation of interview signals, differences in candidates’

ability to generate favorable signals conditional on true latent quality, or information about

other latent traits valued by schools.

The selection effects in Table 3 also show that schools’ pre-interview rankings differ sys-

tematically from a rule that ranks candidates according to expected teacher effectiveness.

Relative to actual pre-interview rankings, the prior-based rule in Column (5) places sub-
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Table 3: Selection Effects on Observed Candidate Characteristics

Random
selection

Test score
Pre-

interview
Post-

interview
Prior TVA

(1) (2) (3) (4) (5)

Female 0.802 -0.009 0.006 -0.024 0.065

(0.005) (0.005) (0.005) (0.005)

Test score (std.) 1.653 0.334 0.017 0.012 0.158

(0.004) (0.005) (0.005) (0.005)

Quechua 0.089 0.003 0.007 0.004 0.009

(0.003) (0.003) (0.003) (0.003)

Exp public > 0 0.900 0.013 0.047 0.039 0.032

(0.004) (0.003) (0.003) (0.004)

Exp private > 0 0.712 0.000 -0.027 -0.014 0.104

(0.006) (0.006) (0.006) (0.005)

Internal candidate 0.112 0.012 0.012 0.040 0.006

(0.004) (0.004) (0.004) (0.004)

N. observations 3,642 3,642 3,642 3,642 3,642

N. schools 2,874 2,874 2,874 2,874 2,874

Notes. This table reports how alternative screening rules affect the observed characteristics of the top-ranked
candidate. Column (1) reports the expected characteristic under random selection from the realized candidate set,
computed as the average characteristic among candidates in each school × year contest and then averaged across
contests. Columns (2)–(5) report the characteristic of the top-ranked candidate under the indicated rule minus the
corresponding within-contest random-selection benchmark, averaged across contests. Each contest receives equal
weight. Standard errors in parentheses are clustered at the school level. The Prior TVA rule ranks candidates
according to the estimated prior expectation of teacher effectiveness defined in equation (8).

stantially greater weight on female candidates, high-scoring candidates, and candidates with

private-sector experience, and less weight on public-sector experience and internal-candidate

status. These patterns suggest that schools’ objective functions may be misaligned with the

objective of maximizing teacher effectiveness.

These findings may also reflect the fact that schools’ beliefs about teacher effectiveness

are not aligned with our estimated prior. However, Table 2 documents no evidence that

pre-interview rankings (Column 2) select higher value-added candidates than rankings based

on the estimated prior (Column 4), suggesting that deviations from the prior do not re-

flect superior productivity-relevant information. Across alternative priors constructed from

increasingly coarse subsets of applicant characteristics, Table A.8 shows that pre-interview

rankings remain weakly aligned with predicted teacher effectiveness. We also find similar mis-

alignment among more experienced school principals, for whom biased or naive priors are less
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plausible (see Table A.9). Finally, the estimates reported in Table A.10 suggest that schools

are not more likely to select high value-added internal candidates than low value-added in-

ternal candidates, even though internal candidates are precisely the applicants about whom

recruiters should have more information. Taken together, this evidence is difficult to rec-

oncile with a purely information-based explanation. It suggests that pre-interview rankings

are more likely to reflect schools’ objectives over candidate attributes that extend beyond

measured teacher effectiveness rather than imperfect, or coarse, beliefs about their teaching

effectiveness.

This evidence establishes three facts. First, discretionary screening produces positive

average gains in measured teacher effectiveness through learning. Second, the effects of

discretionary screening are highly heterogeneous across school contests, with discretion im-

proving selection in some contests but worsening it in others. This heterogeneity is central

for policy design: whether and where discretion should be expanded, constrained, or targeted

depends on why it works well in some schools but poorly in others. Third, the discretionary

evaluation stage changes selection along dimensions such as gender and internal-candidate

status that are consistent with objectives other than maximizing teacher effectiveness.

The evidence shown above does not reveal whether these differences arise because schools

differ in how closely their objectives are aligned with maximizing teacher effectiveness or

in the information they extract from discretionary evaluation. We next develop a model

of discretionary hiring and learning that separates these two sources of heterogeneity, while

flexibly allowing other determinants of candidate rankings to change across the stages of the

hiring process.

4 A Model of Discretionary Hiring and Learning

4.1 Beliefs and Learning

We assume that schools start the hiring process by having rational expectations about the

teacher effectiveness parameters θj = (αj, βj) conditional on observable characteristics, zj,

and applicant j’s submitted ranking, Rj. This implies that schools face a common prior

on the distribution of qij := αj + β′
jXi. Given the distributional assumptions on θj posited

in Section 3.2, we approximate the type mixture by a normal distribution with posterior-

23



probability-weighted mean and common within-type variance:

qij | zj, Rj, dj, Xi ∼ N
(
µq(zj, Rj, dj, Xi), σ

2
q (Xi)

)
,

where

µq(zj, Rj, dj, Xi) =
K∑
k=1

P (τj = k | zj, dj, Rj) (µα(zj, τj = k) + µβ(zj, τj = k)′Xi)

and

σ2
q (Xi) = σ2

α + 2ΣαβXi +X ′
iΣβXi.

We account for the fact that schools may have additional information about candidates

who are already working at the school. Let Iij denote an indicator for candidate j being

internal to school i, and let q∗ij = α∗
j + β∗′

j Xi denote the school-specific effectiveness implied

by the shrunken value-added estimates constructed in Section 3.2. We parameterize the ad-

ditional information available about internal candidates by ρ ∈ [0, 1]. Prior to the interview,

schools’ beliefs are therefore

E[qij | zj, Rj, dj, Xi, Iij] = µq(zj, Rj, dj, Xi) + ρIij
[
q∗ij − µq(zj, Rj, dj, Xi)

]
,

with conditional variance

Var(qij | zj, Rj, dj, Xi, Iij) = (1− ρIij)σ
2
q (Xi).

For external candidates, schools therefore start from the common prior. For internal candi-

dates, the prior mean is shifted toward the candidate-specific value-added estimate and prior

uncertainty is reduced. The parameter ρ captures the amount of additional information that

schools possess about candidates they have previously employed.

During the interview and classroom demonstration, we assume that school committees

receive a private signal

νij|θj, Xi ∼ N (αj +X ′
iβj, exp(γi))

about qij and update their beliefs. We assume that γi ∼ N (µγ, σ
2
γ) such that the parameter

σ2
γ captures heterogeneity in schools’ ability to extract informative signals. The posterior
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mean of qij can be expressed as

E[qij | zj, Rj, dj, Xi, Iij, νij] = E[qij | zj, Rj, dj, Xi, Iij]

+
(1− ρIij)σ

2
q (Xi)

(1− ρIij)σ2
q (Xi) + exp(γi)

(νij − E[qij | zj, Rj, dj, Xi, Iij]) .

4.2 Hiring Objectives

We define the expected value that school i gets from hiring teacher j given the information

acquired until stage g = 1, 2 of the interviewing process as

V g
ij = exp(δi)E[qij | Sg

ij] + vg(zj, Iij) + ξij + εgij, (10)

S1
ij = (zj, dj, Rj, Xi, Iij), S2

ij = (zj, dj, Rj, νij, Xi, Iij).

The first term captures the value that schools place on expected teacher effectiveness.

The remaining terms capture alternative determinants of candidate rankings. We allow their

observable component, vg(·), to differ between the pre- and post-interview stages. This

stage-specific variation may capture information revealed during the discretionary evaluation

about candidate attributes not measured by teacher effectiveness, systematic differences in

interview or classroom-demonstration performance across observable groups, biased evalua-

tion associated with observable characteristics, or changes in how schools weight observable

candidate characteristics after the interview. We do not attempt to distinguish among these

mechanisms. Together with the stage-specific shocks ϵgij, this allows rankings to change for

reasons unrelated to learning about qij.

We specify

vg(zj, Iij) = z′jψ
g
v + ψg

I Iij, g = 1, 2,

and impose that standardized applicant test score does not enter vg(·) at either stage.8

Standardized applicant test score is therefore excluded as a direct regressor from vg(·) at

either stage. We assess the validity of this exclusion restriction directly using the scores

assigned by school committees during the CV, interview, and classroom-observation stages.

Table A.11 shows that residual test-score variation has very little explanatory power for these

8With a slight abuse of notation, we write vg(zj , Iij) although the empirical specification also includes
K − 1 posterior type probabilities P (τj = k | zj , dj , Rj) constructed in Section 3.2. We suppress these
additional arguments to simplify notations.
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evaluations and is quantitatively too small to affect strict pairwise candidate orderings.9 In

the empirical specification, vg(·) includes gender, ethnolinguistic background, public- and

private-sector experience, the posterior probabilities of the applicant preference types, and

internal-candidate status.

The parameter δi captures the importance of expected teacher effectiveness relative to

these other factors. We assume that δi ∼ N(µδ, σ
2
δ ), so that exp(δi) is the positive weight

placed on expected effectiveness. We assume that δi and γi are independent in the population.

They need not be independent in their posterior distribution once the observed rankings are

taken into account.

Additional unobserved determinants of candidate rankings are captured through a per-

sistent unobserved component ξij and a stage-specific type-I extreme-value shock ϵgij, i.i.d.

across (i, j, g). The persistent component captures applicant–school attributes or informa-

tion that affect rankings at both stages but are unobserved to the econometrician, while ϵgij

captures transitory stage-specific heterogeneity. We allow the dispersion of the persistent

component to differ between internal and external candidates:

ξij ∼ N
(
0, σ2

ξ,Iij

)
.

This allows schools to have additional persistent information or preferences about internal

candidates along dimensions that are not captured by measured teacher effectiveness.

4.3 Identification and Estimation

At each stage g = 1, 2, schools form rankings Rg
i of candidates in Ji. We assume that princi-

pals are not strategic and rank candidates in order of expected value V g
ij . This assumption is

supported by the evidence shown in Figure A.1, which shows that school-assigned screening

scores are largely insensitive to candidates’ implied rankings in other shortlists.

We also assume that the realized set of candidates is exogenous conditional on the ob-

servables entering the model, such that (ϵgij, ξij, δi, γi, νij) is orthogonal to Ji. The timing and

9We residualize both applicant test scores and school evaluation scores with respect to prior expected
teacher effectiveness, the remaining observables entering vg(·), and school-year fixed effects. A one-standard-
deviation increase in residualized test score is associated with a 0.020 standard-deviation increase in the
CV score, 0.022 in the interview score, and 0.009 in the classroom-observation score. The corresponding
partial R2s are below 0.1 percent, and removing the fitted test-score component does not reverse any strict
within-contest pairwise ordering.
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centralized construction of shortlists make the most direct forms of endogenous selection less

salient.10 Violations of this assumption would require applicants’ school choices to depend

on private information about persistent unobserved determinants of schools’ hiring behavior

that is not captured by the observables in the model.

Under these assumptions, we can write the likelihood of observing Rg
i conditional on

(δi, γi, ξi, S
g
i ) as

L(Rg
i | δi, γi, ξi, S

g
i ) =

∏
j∈Ji

(
exp

{
exp(δi)E[qij | Sg

ij] + vg(zj, Iij) + ξij
}∑

k:jRg
i k
exp {exp(δi)E[qik | Sg

ik] + vg(zk, Iik) + ξik}

)
.

Identification of the hiring model relies on observing the same shortlist of candidates

ranked before and after the interview. Before the interview, schools have not yet received the

private signal generated by the discretionary evaluation. Their ranking therefore reveals how

they use the information available at that point: the estimated prior over teacher effectiveness,

additional information about internal candidates, observable applicant characteristics, and

other persistent traits unobserved to the econometrician. Conditional on the estimated prior

and the composition of the shortlist, variation in expected teacher effectiveness identifies

the weight schools place on expected effectiveness relative to other candidate attributes.

The exclusion of applicant test score from v1(·) provides an additional source of identifying

variation because test score predicts expected teacher effectiveness while having no direct

effect on rankings outside this channel. Cross-school variation in the relationship between

expected teacher effectiveness and rankings identifies the distribution of δi. Comparing the

ranking of internal candidates with their candidate-specific value-added information identifies

ρ, while the average preference for internal candidates is captured by ψ1
I and the dispersion

of their persistent heterogeneity by σξ,1.

In contrast, changes in rankings after the interview identify the learning technology. If

interviews generate informative signals about teacher value-added, candidates whose value-

added is higher relative to their pre-interview expectation should tend to move up. The extent

to which these ranking changes systematically line up with teacher effectiveness identifies the

precision of the interview signal and the distribution of γi. At the same time, allowing v2(·)
to differ freely from v1(·) absorbs systematic changes in rankings associated with observable

10Applicants submit their school rankings before school-level screening takes place, and shortlists are then
generated centrally based on these rankings and applicants’ test scores. Applicants therefore cannot condition
their applications on the subsequently realized interview signals or stage-specific ranking shocks.
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characteristics that need not reflect information about measured teacher effectiveness. Per-

sistence in otherwise unexplained rankings across the two stages identifies the dispersion of

ξij.

Appendix B.2 formalizes these identification arguments, showing how complete rankings

observed before and after the interview, together with repeated contests for the same school,

generate distinct variation that separately pins down the preference and learning parameters.

To simplify notation, we suppress the recruitment-year index. When a school is observed

in multiple recruitment contests, we assume that its (δi, γi) are persistent across contests

and construct the school-level likelihood by combining the ranking likelihoods from all of its

observed contests.

We estimate the parameters
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by maximizing the sample joint unconditional log-likelihood
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∫ 2∏
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g
i ) dF (δi, γi, ξi, νi | θ̂).

We approximate this integral by simulation using 25,000 Monte Carlo draws. For each

draw, we sample the school’s weight on effectiveness (δi), signal-noise parameter (γi), per-

sistent unobserved component (ξij), and interview signals (νij) from their respective distri-

butions. Signals are drawn from their posterior distribution conditional on the estimated

teacher value-added parameters (θ̂j). Given each draw, we compute schools’ beliefs about

candidate effectiveness at both stages, construct the implied utilities, evaluate the two rank-

ordered-logit likelihoods, and average across simulation draws.

5 Estimation Results

5.1 Model Estimates

Tables 4 and 5 report the estimates of the hiring model. These estimates allow us to separate

the two sources of heterogeneity left unresolved by the descriptive evidence in Section 3:

differences across schools in the weight placed on teacher effectiveness and differences in their
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ability to extract information about teacher effectiveness during the discretionary evaluation.

We find substantial heterogeneity along both dimensions. At the same time, the estimates

suggest that, for many schools, candidate rankings are only weakly aligned with expected

teacher effectiveness and that the discretionary evaluation reveals relatively little additional

information about productivity.

Table 5 reports functionals of the estimated distributions of δi and γi. The implied

mean of exp(δi) is 2.37 and its standard deviation is 3.78, indicating substantial cross-school

heterogeneity in the weight placed on expected teacher effectiveness. Because the scale of

utility is normalized, the behavioral implications of this dispersion are more informative

than the magnitude of exp(δi) itself. Panel (a) of Figure 2 therefore reports, by decile of δi,

the within-contest rank correlation between the expected-teacher-effectiveness component of

utility and overall pre-interview hiring utility. These correlations are generally low, indicating

that candidate attributes other than expected teacher effectiveness play an important role

in school rankings. The degree of alignment nevertheless varies substantially across schools:

among schools in the top decile of δi, the rank correlation reaches 0.21, while it is close to

zero among schools placing the least weight on teacher effectiveness.

The estimates also point to limited but highly heterogeneous learning about teacher effec-

tiveness during discretionary evaluation. The average posterior weight placed on the interview

signal is 0.23, with a standard deviation of 0.26. Panel (b) of Figure 2 translates the under-

lying heterogeneity in γi into its implications for what schools learn: it reports, by decile of

γi, the rank correlation between post-interview expected teacher effectiveness and underlying

teacher effectiveness. Schools receiving the most precise signals substantially improve their

information about candidate productivity, with correlations as high as 0.76, while this rela-

tionship becomes considerably weaker as signal noise increases. Thus, the small average gains

from learning documented in Section 3 mask substantial heterogeneity in schools’ ability to

extract productivity-relevant information during the screening process.

The remaining estimates help distinguish these productivity channels from other deter-

minants of school rankings. In particular, Panel C of Table 4 provides essentially no evidence

that schools possess additional productivity information about internal candidates before the

interview: the estimate of ρ is 0.002 with a standard error of 0.157. Yet schools place a pos-

itive direct weight on internal candidates before the interview, and this coefficient rises from

0.192 to 0.811 after discretionary evaluation. The increased selection of internal candidates
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Table 4: Estimates of the Hiring Model

Panel A: Preferences for effectiveness and learning

Estimate Std. Error

Mean log weight on effectiveness, µδ 0.237 (0.243)

SD log weight on effectiveness, σδ 1.122 (0.139)

Mean log signal variance, µγ -0.059 (0.524)

SD log signal variance, σγ 2.081 (0.878)

Panel B: Other determinants of candidate rankings

v1 v2

Female 0.128 -0.361

(0.053) (0.053)

Quechua 0.212 0.230

(0.087) (0.092)

Public-sector experience 1.593 0.794

(0.061) (0.062)

Private-sector experience -0.315 -0.164

(0.048) (0.050)

Applicant type-1 probability -0.119 -0.031

(0.061) (0.061)

Applicant type-2 probability -0.274 -0.198

(0.093) (0.097)

Internal candidate 0.192 0.811

(0.067) (0.069)

Panel C: Private information and persistent applicant–school heterogeneity

Estimate Std. Error

Private information for internal candidates, ρ 0.002 (0.157)

Persistent heterogeneity: external candidate 1.257 (0.025)

Persistent heterogeneity: internal candidate 1.279 (0.069)

Notes. Standard errors are reported in parentheses. Panel A reports the parameters governing the population
distributions of the school-specific log weight on expected teacher effectiveness, δi, and log signal variance, γi. Panel
B reports the coefficients entering the reduced-form components v1(·) and v2(·) of candidate rankings before and
after the interview, respectively. Applicant type-1 and type-2 probabilities are the posterior probabilities of the
latent applicant preference types constructed in Section 3.2; type 3 is the omitted category. Panel C reports the
additional pre-interview information parameter for internal candidates and the standard deviation of the persistent
applicant–school component separately for external and internal candidates.

documented in Section 3 therefore does not appear to arise because schools have superior in-

formation about their measured teacher effectiveness. Instead, it is captured by determinants

of rankings outside the productivity component of the model.
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Table 5: Functionals of Preferences for Teacher Effectiveness and Signal Extraction

Estimate Std. Error

Mean weight on effectiveness, E[exp(δi)] 2.378 (0.350)

SD weight on effectiveness, SD[exp(δi)] 3.774 (0.847)

Mean weight on interview signal 0.234 (0.067)

SD weight on interview signal 0.259 (0.078)

Notes. exp(δi) is the weight placed on expected teacher effectiveness. The weight placed on the interview signal

for candidate j in school i is
σ2
q,ij

σ2
q,ij+exp(γi)

, where σ2
q,ij denotes the remaining uncertainty about teacher effectiveness

immediately before the interview. For the signal-weight moments, weights are first averaged across candidates within
each school, and the table then reports the mean and standard deviation of this school-level object across the population
of schools. These moments integrate over the estimated distribution of γi and the observed distribution of prior
variances. Standard errors are obtained by the delta method; for the signal-weight moments, they propagate the joint
estimation uncertainty in (µγ , σγ), holding the prior-variance distribution and other structural parameters fixed at
their point estimates.

A similar distinction is useful for interpreting the decline in the selection of female can-

didates after the discretionary evaluation. The coefficient on female applicants changes from

0.128 before the interview to −0.361 afterwards. This shift is consistent with the descrip-

tive pattern in Section 3, but our approach does not distinguish whether it reflects biased

evaluation, systematic gender differences in performance during the school-based evaluation,

information about other candidate attributes, or changes in the weights schools place on ob-

servable characteristics. Other candidate characteristics also receive sizable weights, including

public- and private-sector experience and the latent applicant preference types, and several

of these weights change following discretionary evaluation. Finally, the substantial dispersion

of the persistent applicant-school component, ξij, indicates that rankings also depend heavily

on dimensions of applicant desirability that are not observed by the econometrician.

Taken together, the estimates suggest that the modest average effectiveness gains from

discretionary screening documented in Section 3 reflect both limited alignment of school

rankings with expected teacher effectiveness and limited productivity information extracted

during screening. At the same time, substantial heterogeneity in both dimensions implies that

these averages conceal large differences across schools in how effectively discretion is used.

The model also separates these productivity channels from systematic changes in rankings

along other dimensions, such as gender and internal-candidate status.
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Figure 2: Rank Correlations and Heterogeneity in Preferences and Signal Extraction

a) Expected Effectiveness and Pre-Interview
Utility

b) Post-Interview Expected Effectiveness and
underlying teacher effectiveness qij

Notes: Panel A reports, by decile of δi, the Spearman rank correlation between the expected-effectiveness component of
pre-interview utility and total pre-interview utility. Panel B reports, by decile of γi, the Spearman rank correlation between
post-interview expected teacher effectiveness and underlying teacher effectiveness. Correlations are first calculated within school-
year contests and then averaged within schools, giving each school equal weight. Schools are assigned to deciles separately for
each draw from the posterior distribution, and the plotted values average the resulting decile-specific correlations across draws.
Higher δi corresponds to a greater weight on expected teacher effectiveness; lower γi corresponds to a more precise interview
signal.

5.2 Model Fit

We next assess whether the estimated model reproduces the empirical patterns associated

with the two channels at the center of our analysis: imperfect and heterogeneous learning

about teacher effectiveness, and heterogeneous hiring motives that need not be aligned with

maximizing teacher effectiveness. We therefore examine model fit along several complemen-

tary dimensions. We first ask whether the model captures the persistence and reshuffling of

candidate rankings across stages, and whether the resulting changes in selection are related to

teacher effectiveness as they are in the data. We then examine whether it reproduces system-

atic changes in selection along observable candidate characteristics, which help distinguish

productivity-related selection from changes along other dimensions valued by schools.

Panel A of Figure 3 compares the evolution of candidate rankings between the pre- and

post-interview stages in the data and in the model. It plots average post-interview rank

percentiles against pre-interview rank percentiles, and the two relationships are very similar.

The model therefore reproduces both the substantial persistence in candidate rankings and

the amount of reshuffling generated by discretionary evaluation. Table A.15 reaches the

same conclusion using aggregate measures of ranking mobility: the model closely matches

the fraction of contests in which rankings change, the share of candidates who change rank,
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Figure 3: Model Fit

a) Pre- and Post-Interview Rank Percentiles b) TVA Rank of Selected Candidates

Notes: Panel A compares pre- and post-interview candidate rankings in the data and model. Rankings are transformed
into within-contest percentiles, with 100 denoting the top-ranked candidate and 0 the bottom-ranked candidate. The pre-
interview percentile is partitioned ex ante into ten intervals, [0, 10), [10, 20), . . . , [90, 100], and each point reports the average
post-interview percentile within the corresponding interval. Candidates receive weight equal to the inverse of contest size, so each
contest receives equal total weight. Panel B plots the shrunken-TVA percentile rank of the post-interview selected candidate
against that of the pre-interview selected candidate. It is restricted to contests with at least two candidates for whom TVA can
be estimated. TVA ranks are constructed among candidates with observed TVA, while the percentile normalization uses the
full number of candidates in the contest. Model curves average across model simulations. The dotted line is the 45-degree line.

and the correlation between pre- and post-interview rankings.

Panel B turns specifically to the productivity-relevant component of this reshuffling. It

compares the TVA percentile rank of the post-interview top-ranked candidate with that of

the pre-interview top-ranked candidate and shows that the model broadly reproduces the

relationship observed in the data. Table A.14 provides a complementary comparison using

the effects on expected student achievement defined in Section 3. The model does not match

the levels of the gains exactly: it predicts gains of 0.002 and 0.011 standard deviations under

the pre- and post-interview rankings, compared with 0.011 and 0.025 in the data. However,

it captures roughly two-thirds of the additional gain associated with learning during the

discretionary evaluation, as the observed gain rises by 0.014 standard deviations between

the two stages, compared with 0.009 in the model. It also reproduces almost exactly the

substantial cross-contest dispersion in these gains. Because the model is estimated from

the complete rankings rather than by directly targeting these aggregate treatment-effect

moments, an exact match in levels is not imposed. The fact that it captures most of the

incremental productivity gain from learning as well as its large heterogeneity across contests

is reassuring.

Finally, Table 6 assesses whether the model reproduces the observed changes in selection
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Table 6: Model Fit: Characteristics of Top-Ranked Candidates

Random Pre-interview Post-interview

Data Model Data Model

Female 0.802 0.006 0.010 -0.024 -0.023

Test score (std.) 1.653 0.017 0.012 0.012 0.011

Quechua 0.089 0.007 0.006 0.004 0.007

Exp public > 0 0.900 0.047 0.057 0.039 0.035

Exp private > 0 0.712 -0.027 -0.026 -0.014 -0.016

Internal candidate 0.112 0.012 0.013 0.040 0.038

Notes. The table compares observed candidate selection with the corresponding model predictions. The Random
column reports the expected characteristic under random selection from the realized candidate set. The pre- and
post-interview columns report the characteristic of the top-ranked candidate minus the corresponding candidate-set
average, separately for the data and the model. Each contest receives equal weight. All rows use the full structural-
estimation sample. Model moments are averaged across model simulations.

across candidate characteristics. The fit is particularly close. The model reproduces the

decline in the selection of female candidates and the increase in the selection of internal

candidates after the discretionary evaluation, as well as the changes in selection on public-

and private-sector experience, test scores, and ethnolinguistic background.

Taken together, these exercises show that the estimated model closely reproduces the

main empirical patterns generated by the two channels we seek to separate. It captures

the persistence and reshuffling of candidate rankings, the productivity improvements and

substantial heterogeneity associated with learning during discretionary evaluation, as well as

systematic changes in selection along dimensions other than measured teacher effectiveness.

We therefore use the model next to quantify how heterogeneity in schools’ objectives and

in their ability to extract productivity information contributes to the large dispersion in the

gains from discretionary hiring documented in Section 3.

5.3 Unpacking Aggregate Gains from Discretionary Hiring

We first clarify how we evaluate the gains generated by the estimated model. Our target

remains the treatment effect τi(r) defined in equation (4). In Section 3, because the un-

derlying teacher effectiveness qij is unobserved, we estimate these effects using the shrunken

empirical-Bayes estimates q̂∗ij. In the model-based exercises below, we instead draw the

latent teacher-effectiveness parameters from their posterior distribution and construct the
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Figure 4: Heterogeneity in Gains from Discretionary Evaluation

Notes: The figure reports the average treatment effect τi(r) of the post-interview ranking rule relative to random selection
from the same candidate pool, evaluated using draws of the underlying teacher effectiveness qij . For each draw, qij is
constructed from a draw of the latent teacher-effectiveness parameters from their posterior distribution and is treated as the
underlying effectiveness of candidate j in school i. For schools observed in multiple school-year contests, selection gains are
first averaged across contests so that each school receives equal weight. Deciles of δi and γi are recomputed separately for
each draw from their posterior distribution, and each cell averages the corresponding school-level gains across draws. Higher
δi corresponds to a greater weight on teacher effectiveness, while higher γi corresponds to noisier private signals and therefore
lower signal-extraction ability.

corresponding qij. Conditional on a given draw, we treat qij as the underlying teacher ef-

fectiveness and evaluate the selected candidate relative to random selection from the same

candidate pool. Figure 4 averages these gains across draws, while the variance decomposition

in Table 7 holds one realization of qij, and the remaining shocks, fixed in order to isolate

variation generated by school environments and school types.

Our estimates imply that decentralized screening improves teacher selection on average,

but that these gains vary substantially across schools. Figure 4 reports the average treatment

effect τi(r) of the post-interview ranking rule, evaluated using draws of the underlying teacher

effectiveness qij, by the joint deciles of δi and γi. Selection gains are concentrated among

schools that place greater weight on expected teacher effectiveness (high δi) and receive more

precise productivity signals from the interview (low γi). For schools with below-median weight

on effectiveness and signal-extraction ability, discretionary evaluation generates essentially

no gains in expected student achievement.
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Table 7: Variance Decomposition of Gains from Discretionary Evaluation

Moment Estimate Share of total

Total variance of selection gain 0.083 1.000

School environment 0.063 0.756

Joint heterogeneity in δi and γi 0.020 0.244

Heterogeneity in δi only 0.014 0.170

Heterogeneity in γi only 0.010 0.114

Notes. The table reports a crossed school-environment-by-school-type variance decomposition of the
treatment effect τi(r) defined in equation (4), where r is the post-interview ranking rule. To isolate
variation generated by school objectives and signal extraction, we fix one realization of the underlying
teacher effectiveness qij , persistent applicant–school heterogeneity, interview innovations, and post-
interview type-I extreme-value shocks. The fixed qij is drawn from the posterior distribution of the
latent teacher-effectiveness parameters and is treated as the underlying effectiveness of each candidate-
school pair. Paired (δi, γi) types are then drawn from the equal-weight mixture of the school-specific
posterior distributions and each type is evaluated against every observed school environment. The
school-environment component is the variance across environments of the average τi(r) across school
types; the joint school-type component is the average across environments of the variance of τi(r) across
school types. The rows labeled δi only and γi only vary the indicated primitive over its estimated
marginal distribution while fixing the other primitive at its median. These one-at-a-time contributions
need not sum to the joint contribution because δi and γi interact nonlinearly in determining the selected
candidate and may also be dependent in their posterior distribution.

Table 7 quantifies the extent to which this heterogeneity accounts for cross-sectional

variation in screening performance. We cross draws from the estimated joint distribution of

(δi, γi) with the observed school environments and apply the law of total variance. Differences

in school environments account for approximately three-quarters of the total variance in

selection gains, while heterogeneity in (δi, γi) accounts for the remaining quarter. Varying

δi alone accounts for 17 percent of the total variance, while varying γi alone accounts for

11.4 percent. These quantities need not sum to the joint contribution because the two

dimensions interact nonlinearly in determining which candidate is selected and may also be

dependent in their posterior distribution. Hence, both heterogeneity in schools’ objectives

and heterogeneity in signal-extraction ability are quantitatively important determinants of

variation in the effectiveness of discretionary screening.

Importantly, this heterogeneity is difficult to target using observable school characteristics.

Tables A.12 and A.13 show that student composition, urban status, principals’ experience,

and principals’ standardized test scores explain almost none of the posterior variation in either

δi or γi. The policy question, therefore, becomes how to neutralize the two wedges identified

by the model directly rather than targeting delegation in hiring at pre-specified schools. We

next use the estimated model to evaluate counterfactual screening policies that alter two key

36



margins of hiring discretion: imperfect and heterogeneous learning about teacher effectiveness

and hiring objectives that need not be aligned with maximizing teacher effectiveness.

6 Counterfactuals

6.1 Counterfactual Screening Regimes

We first consider a policy that removes the interview and instead discloses standardized in-

formation about teacher value added. For applicants with observed TVA, schools receive the

TVA estimate together with its estimated variance.11 Schools incorporate this information

into their existing information set and update their beliefs about teacher effectiveness accord-

ing to the Bayesian structure of the model. The resulting posterior expectation of teacher

effectiveness corresponds, for applicants with observed TVA, to the shrunken empirical-Bayes

estimate constructed in Section 3.

This policy has a natural interpretation through the empirical-Bayes literature. If schools

and the policymaker shared the objective of maximizing the expected effectiveness of the

selected teacher, the Bayes-optimal decision would be to select the candidate with the high-

est posterior expected effectiveness, equivalently minimizing posterior expected regret from

selecting a less effective candidate (Gu and Koenker, 2023). The result needs not extend to

discretionary hiring. In our model, schools rank candidates according to their own objective,

which places positive but heterogeneous weight on expected teacher effectiveness relative

to other candidate attributes—see equation (10). The policymaker, instead, evaluates the

resulting assignment according to the underlying effectiveness of the selected teacher. The

policy therefore has the structure of an information-design problem in which the sender

controls the information available to a receiver who takes a non-contractible action under

a potentially different objective (Kamenica and Gentzkow, 2011). Additional productivity

information can therefore change choices in ways that trade off productivity against other

attributes valued by schools, so more information need not increase the policymaker’s payoff.

We compare four regimes that differ in the information available to schools and in whether

the hiring decision remains delegated. Under the status quo, the discretionary evaluation

11For applicants without observed TVA, we generate a synthetic TVA estimate centered on their simulated
underlying effectiveness and choose its sampling variance so that the average posterior variance implied by
Bayesian updating matches that observed among applicants with TVA. The synthetic estimate and corre-
sponding standard error are then disclosed to schools.
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takes place and schools’ choices depend on both their signal-extraction parameter γi and

their post-interview objective. Under TVA disclosure, the interview stage is removed and

all schools receive the same standardized information about teacher effectiveness. Schools

update their beliefs according to the Bayesian structure of the model and rank candidates

using their pre-interview preferences. This regime removes the role of heterogeneous signal

extraction, while preserving school discretion in hiring decisions through the role of δi and the

other determinants of the pre-interview ranking. Because the discretionary evaluation itself

is removed, the comparison with the status quo also eliminates the stage-specific changes in

other determinants of candidate rankings captured by the difference between v1(·) and v2(·)
in equation (10).

We consider two additional regimes aimed at separating these informational and pref-

erence margins. Under full information, schools observe candidates’ underlying teacher ef-

fectiveness qij while retaining their pre-interview preferences. This provides a benchmark

in which information frictions are entirely removed while the school objective remains un-

changed. In this regime, we assess how much further selection can improve by increasing

the precision of productivity information alone. Under the optimal EB benchmark, the same

statistical information as under TVA disclosure is used to assign the position directly to

the candidate with the highest posterior expected effectiveness. Holding the information

available about teacher effectiveness fixed, this regime isolates the consequences of replac-

ing the school-specific objective with an assignment rule that maximizes expected teacher

effectiveness.

6.2 Results

To evaluate these regimes, we use the same treatment effect parameter τi(r) defined in equa-

tion (4). Unlike the empirical estimates in Section 3, which use shrunken estimates of teacher

effectiveness on the restricted TVA sample, the model-based counterfactuals evaluate selec-

tion using draws of the underlying teacher effectiveness qij on the full sample. We first average

contest-specific gains within school and then across schools, so that each school receives equal

weight.

Panel A of Table 8 shows that replacing discretionary evaluation with standardized pro-

ductivity information substantially improves teacher selection. Under the status quo, the

selected teacher’s underlying effectiveness is 0.027 standard deviations above random selec-
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tion from the same candidate pool. TVA disclosure raises this gain to 0.070. Among the

delegated regimes that use the same pre-interview objective, moving from TVA disclosure

to full information raises the gain further, from 0.070 to 0.105, isolating the value of more

precise productivity information. Conversely, holding fixed the statistical information avail-

able under TVA disclosure, the optimal EB benchmark raises the gain from 0.070 to 0.265

by assigning the position to the candidate with the highest posterior expected effectiveness.

School-specific objectives therefore generate substantial losses even when compared at the

same information set, and the optimal EB rule produces larger gains than decentralized hiring

even under full information.

The counterfactuals also illustrate why removing one source of heterogeneity needs not

reduce the overall dispersion of screening outcomes. Table 8 shows that the share of selection-

gain variance generated by decision-maker heterogeneity rises from 24.4 percent under the

status quo to 29.7 percent under TVA disclosure and 40.0 percent under full information.

Figure 5 helps unpack this result. Panel B shows that, conditional on a given decile of

δi, the dispersion of selection gains weakly falls as productivity information becomes more

precise, particularly under full information. Standardizing information therefore reduces

heterogeneity in screening outcomes among schools with similar objectives. At the same time,

Panel A shows that mean selection gains become increasingly concentrated among schools

with high δi. As the information friction is removed, differences in the weight that schools

place on teacher effectiveness become more consequential for how they use the available

information. The resulting increase in heterogeneity across δi types offsets the decline in

dispersion within δi types. Under the optimal EB rule, this gradient largely disappears

because δi no longer enters the assignment rule. Figure 5 therefore illustrates how removing

heterogeneity in signal extraction can make heterogeneity in school objectives more salient

rather than reducing overall heterogeneity in screening performance.

This mechanism also helps explain why the large efficiency gains from alternative screening

policies translate into little change in the overall dispersion of selected teacher effectiveness.

The cross-school standard deviation of expected selected teacher effectiveness is 0.309 under

the status quo, 0.306 under TVA disclosure, 0.315 under optimal EB, and 0.308 under full

information. Improvements in the information available for screening can therefore reduce

some sources of heterogeneity while simultaneously making remaining differences in school

objectives or environments more consequential. Cross-school dispersion in expected teacher
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Table 8: Counterfactual Screening Regimes

Status quo
TVA

disclosed
Optimal

EB
Full

information

Panel A. Efficiency and cross-school dispersion

Mean gain in expected student achievement 0.027 0.070 0.265 0.105

SD of selection gains across schools 0.032 0.045 0.102 0.052

SD of expected selected teacher effectiveness 0.309 0.306 0.315 0.308

School-environment share of selection-gain
variance

0.756 0.703 1.000 0.600

Decision-maker heterogeneity share of
selection-gain variance

0.244 0.297 0.000 0.400

Panel B. Characteristics of selected candidates

Female -0.023 0.009 0.013 0.008

Test score (std.) 0.011 0.008 0.023 0.008

Quechua 0.007 0.006 0.001 0.005

Exp public > 0 0.035 0.055 0.006 0.053

Exp private > 0 -0.016 -0.026 0.021 -0.027

Internal candidate 0.038 0.011 -0.005 0.009

N. contests 3642 3642 3642 3642

N. schools 2874 2874 2874 2874

Notes. All selection gains correspond to the treatment effect τi(r) relative to random selection from the same full candidate set
and are evaluated using draws of the underlying teacher effectiveness qij . Under the status quo, discretionary evaluation takes
place and schools rank candidates using their estimated post-interview preferences and school-specific signal precision. Under
TVA disclosure, discretionary evaluation does not take place and schools receive standardized empirical-Bayes TVA information
while retaining their pre-interview preferences. The optimal EB rule selects the candidate with the highest disclosed posterior
expected effectiveness and therefore does not depend on school-specific preferences. Under full information, schools observe
underlying teacher effectiveness while retaining their pre-interview preferences. In Panel A, selection gains are first averaged
across contests and model simulations within each school, and the table then reports their mean and standard deviation across
schools. The variance shares use a crossed school-environment-by-decision-maker-type decomposition analogous to Table 7,
holding one simulated realization of the underlying effectiveness and other shocks fixed. The decision-maker type is (δi, γi)
under the status quo, δi under TVA disclosure and full information, and is absent under the optimal EB rule. In Panel B,
entries report the characteristic of the selected candidate minus the average characteristic of candidates in the same contest.
Model moments are averaged across model simulations and all regimes use the full candidate set.

effectiveness therefore remains essentially unchanged across the four regimes.

Finally, Panel B of Table 8 connects the counterfactuals back to the changes in observ-

able selection documented in Section 3. Under the status quo, the model implies that the

selected candidate is 2.3 percentage points less likely to be female and 3.8 percentage points

more likely to be internal than a randomly selected candidate from the same shortlist, closely

reproducing the corresponding post-interview patterns in Table 3. When discretionary eval-

uation is replaced by standardized TVA information, these differences become +0.9 and +1.1
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Figure 5: Counterfactuals

a) Mean selection gains by decile of δi b) SD selection gains by decile of δi

Notes: Panel A reports the average treatment effect τi(r) relative to random selection from the same candidate pool, eval-
uated using draws of the underlying teacher effectiveness qij , by decile of the school-specific weight on teacher effectiveness,
δi. Panel B reports the corresponding cross-school standard deviation of selection gains within each δi decile. For each draw
from the posterior distribution, schools are assigned to deciles using that draw of δi, and the same decile assignment is used
across all counterfactual regimes. The figure compares the status quo, TVA disclosure, the optimal empirical-Bayes benchmark,
and full information. Under the status quo, schools rank candidates using post-interview beliefs and preferences. Under TVA
disclosure, schools receive standardized TVA information and update beliefs according to the Bayesian structure of the model
while retaining their pre-interview preferences. Under full information, schools observe underlying teacher effectiveness while
retaining their pre-interview preferences. Under the optimal empirical-Bayes rule, the position is assigned to the candidate with
the highest posterior expected effectiveness. Since δi does not enter the optimal empirical-Bayes assignment rule, differences
across δi deciles under this benchmark reflect correlation between estimated school type and the underlying school environment
rather than a direct effect of δi on selection.

percentage points, respectively, close to the pre-interview selection patterns in the data. Un-

der optimal EB they are +1.3 and −0.5 percentage points, while under full information they

are +0.8 and +0.9 percentage points. Together with the near-zero estimate of additional

pre-interview productivity information about internal candidates (see Panel C in Table 4),

these results suggest that the post-interview increase in the selection of internal applicants

is not primarily explained by superior information about their productivity.

7 Conclusion

We study discretionary hiring in Peru’s market for permanent public-school teachers using

administrative data that link applicants’ school choices, complete school rankings before and

after discretionary evaluation, and subsequent student outcomes. We first estimate a flexible

teacher value-added model that allows for heterogeneity in average effectiveness and compar-

ative advantage across students, correcting for endogenous teacher sorting using applicants’

rank-ordered school choices. Discretionary evaluation raises expected student achievement

on average by revealing information about teacher effectiveness, but also shifts selection along

41



other dimensions and generates highly heterogeneous effects across schools. We then estimate

a model in which schools differ both in the weight they place on student achievement and

in their ability to extract productivity-relevant information during screening. The estimates

imply substantial heterogeneity along both margins, which together account for about one

quarter of the cross-school variance in the gains from discretion. Gains are concentrated

among schools that both place greater weight on student achievement and extract more

precise signals. Counterfactuals show that standardizing productivity information substan-

tially improves average selection, but does little to reduce cross-school inequality because

differences in schools’ objectives become more consequential as information improves.

These results highlight demand-side hiring frictions as an important part of teacher labor-

market design. Policies that improve the supply or allocation of effective teachers can only

translate into better student outcomes if schools subsequently identify and select them from

the applicant pool. Our counterfactuals also show that improving information alone need not

eliminate disparities in screening performance: removing heterogeneity in signal extraction

can make heterogeneity in objectives more consequential. Effective screening policy therefore

requires accounting jointly for information and agency frictions rather than treating either

in isolation.

A natural direction for future work is to study how organizations can improve these two

margins directly—for example, whether signal-extraction ability can be measured or improved

through screening protocols and training, and how the disclosure of standardized information

can be combined with local discretion when decision makers pursue heterogeneous objectives.

These issues extend well beyond the recruitment of teachers, especially in settings where

worker productivity is difficult to observe and discretionary hiring remains central to selection.
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A Additional Tables and Figures

Table A.1: Analysis Samples: Summary Statistics and Sample Sizes

Applicant
choice

Outcome Interview

Panel A. Applicant characteristics

Applicant test score (std.) 1.528 (0.375) 1.111 (0.595) 1.649 (0.429)

Female 0.786 (0.410) 0.740 (0.439) 0.812 (0.391)

Speaks Quechua 0.129 (0.336) 0.099 (0.299) 0.092 (0.288)

Experience > 0 (public) 0.832 (0.374) 0.820 (0.384) 0.880 (0.325)

Experience > 0 (private) 0.697 (0.459) 0.643 (0.479) 0.722 (0.448)

Panel B. School characteristics

Rural school 0.604 (0.489) 0.360 (0.480) 0.370 (0.483)

Amenity/infrastructure index -0.130 (1.009) 0.230 (0.845) 0.228 (0.837)

Travel time to provincial capital (hours) 2.966 (5.030) 0.944 (1.470) 1.075 (1.677)

Log locality population 8.383 (3.817) 10.310 (4.010) 10.238 (4.084)

Mean lagged math achievement -0.119 (0.723) 0.138 (0.558) 0.096 (0.545)

Mean lagged Spanish achievement -0.286 (0.754) 0.020 (0.557) -0.009 (0.554)

Female student share 0.493 (0.150) 0.488 (0.108) 0.492 (0.130)

Quechua student share 0.141 (0.317) 0.098 (0.259) 0.092 (0.246)

Mean student age (centered) 0.102 (0.336) 0.001 (0.252) 0.013 (0.233)

Panel C. Sample size

Applicants / teachers 10,908 1,425 7,062

Applicant / teacher-years 15,400 1,527 8,755

Schools 6,417 1,273 2,874

School-year observations 11,466 1,413 3,642

Vacancies 20,114

Students 28,283

Shortlisted applicant–school pairs 14,479

Notes. This table reports summary statistics for selected covariates in the three analysis samples defined in
Section 2.2. Panels A and B report means with standard deviations in parentheses. Applicant characteristics are
measured once per applicant-year in the applicant choice and interview samples and once per teacher-year in the
outcome sample. School characteristics are measured once per school-year. Panel C reports sample sizes in the
natural units of each sample.
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Table A.2: Determinants of the CV score

(1)

Test score (std.) 0.650

(0.462)

Test score squared -0.259

(0.263)

Test score cubed 0.041

(0.048)

Experience > 0 (public) 0.731

(0.026)

Experience > 0 (private) -0.210

(0.019)

Female 0.034

(0.020)

Quechua speaker 0.269

(0.030)

Recruitment-year FE Yes

R-squared 0.218

Observations 14,479

Notes. The dependent variable is the standardized professional-
background (CV) score. The regression is estimated on the final
interview sample used in the hiring model. The covariates are a
third-order polynomial in the standardized centralized test score and
indicators for prior public-sector teaching experience, prior private-
sector teaching experience, female applicants, and Quechua-speaking
applicants. Recruitment-year fixed effects are included. Standard
errors in parentheses are clustered by school-year.
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Table A.3: Applicant Preferences: Truth-Telling Specification

Baseline
(τ = 1)

Baseline
(τ = 2)

Baseline
(τ = 3)

×
Female

× Std
Score

×
Quechua

× Exp
Pub

× Exp
Priv

Wage 0.788 0.836 1.257 -0.508 -0.413 -0.186 0.377 -0.082

(0.157) (0.173) (0.154) (0.063) (0.076) (0.081) (0.086) (0.060)

Amenity Index 0.078 0.008 0.057 0.016 0.012 0.063 -0.027 0.057

(0.028) (0.032) (0.028) (0.013) (0.013) (0.018) (0.013) (0.012)

Border -0.114 -0.023 -0.435 -0.002 0.356 -0.108 0.193 0.023

(0.105) (0.109) (0.108) (0.045) (0.051) (0.048) (0.061) (0.037)

VRAEM 0.258 0.425 0.695 -0.241 -0.105 -0.139 -0.198 -0.191

(0.152) (0.142) (0.126) (0.050) (0.064) (0.060) (0.074) (0.049)

Multigrade -0.335 -0.193 -0.238 -0.181 -0.097 0.220 0.312 -0.222

(0.080) (0.093) (0.080) (0.033) (0.038) (0.043) (0.045) (0.030)

Single Teacher -0.324 0.031 -0.277 -0.571 -0.136 0.328 0.348 -0.151

(0.331) (0.374) (0.327) (0.109) (0.154) (0.162) (0.206) (0.107)

Bilingual -1.795 -1.450 -2.424 -0.196 0.047 1.178 -0.155 -0.358

(0.107) (0.110) (0.102) (0.036) (0.050) (0.039) (0.063) (0.035)

Travel Time 0.019 0.192 -0.092 -0.179 -0.117 0.075 -0.002 -0.095

(0.042) (0.046) (0.043) (0.017) (0.019) (0.020) (0.026) (0.015)

log Population -0.245 0.062 -0.203 -0.016 0.004 0.029 -0.002 -0.001

(0.006) (0.006) (0.006) (0.003) (0.003) (0.004) (0.003) (0.003)

Time × log Pop 0.003 -0.036 0.018 0.022 0.017 -0.004 0.001 0.012

(0.006) (0.006) (0.006) (0.002) (0.003) (0.003) (0.004) (0.002)

Lagged Math Score 0.193 -0.054 0.036 0.014 -0.046 -0.045 -0.025 -0.020

(0.087) (0.095) (0.087) (0.038) (0.042) (0.047) (0.045) (0.033)

Lagged Spanish Score -0.369 0.179 -0.083 -0.071 0.068 0.085 0.042 -0.091

(0.092) (0.102) (0.093) (0.040) (0.044) (0.050) (0.049) (0.035)

Share Female 0.120 -0.061 0.033 0.011 -0.033 0.119 -0.068 -0.091

(0.158) (0.188) (0.162) (0.074) (0.077) (0.104) (0.077) (0.068)

Share Quechua 0.095 0.574 -0.343 0.014 -0.072 0.941 0.020 0.128

(0.095) (0.093) (0.089) (0.035) (0.042) (0.034) (0.046) (0.033)

Student Age -0.064 -0.315 -0.068 -0.020 -0.119 -0.134 0.273 0.004

(0.100) (0.115) (0.104) (0.043) (0.048) (0.061) (0.056) (0.039)

Outside Option 0.484 8.040 3.918 -1.627 -1.286 0.545 0.931 -0.541

(0.329) (0.370) (0.328) (0.138) (0.163) (0.184) (0.179) (0.130)

Previous School 3.493 6.651 3.561 -0.322 -0.035 -0.724 -0.207 0.337

(0.098) (0.109) (0.103) (0.044) (0.045) (0.056) (0.053) (0.038)

Distance: 0–20km -0.110 -0.104 0.036 -0.011 -0.015 0.027 0.024 -0.024

(0.003) (0.006) (0.003) (0.001) (0.001) (0.002) (0.001) (0.001)

Distance: 20–100km -0.062 0.033 -0.020 -0.002 -0.001 0.003 -0.002 0.002

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

Distance: 100km+ -0.034 -0.002 -0.022 -0.000 -0.001 -0.002 0.000 0.000

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

Notes. This table reports maximum-likelihood estimates of the applicant school-choice utility specified in equation (5), under
the assumption that applicants truthfully rank schools in order of preference. The first three columns report the baseline
coefficients for the three latent preference types τj = 1, 2, 3. The remaining columns report interactions with applicant gender,
standardized test score, Quechua-speaking status, public-sector experience, and private-sector experience. Distance enters as
a linear spline with knots at 20 and 100 kilometers. The latent preference types are integrated out using the EM algorithm.
Standard errors are reported in parentheses.
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Table A.4: Applicant Preferences: Stability-Based Specification

Baseline
(τ = 1)

Baseline
(τ = 2)

Baseline
(τ = 3)

×
Female

× Std
Score

×
Quechua

× Exp
Pub

× Exp
Priv

Wage 0.652 1.509 0.927 -0.535 -0.414 -0.623 0.017 -0.174

(0.174) (0.224) (0.175) (0.138) (0.067) (0.167) (0.133) (0.129)

Amenity Index 0.092 0.064 0.099 0.039 -0.001 0.048 -0.057 0.048

(0.027) (0.039) (0.029) (0.023) (0.010) (0.032) (0.022) (0.021)

Border 0.595 0.830 0.426 -0.134 0.189 -0.332 0.022 -0.178

(0.135) (0.121) (0.134) (0.101) (0.045) (0.116) (0.092) (0.084)

VRAEM -0.576 -0.337 0.030 -0.161 0.078 -0.070 0.635 -0.027

(0.222) (0.189) (0.140) (0.113) (0.062) (0.129) (0.112) (0.109)

Multigrade -0.311 -0.517 -0.184 -0.112 0.067 0.315 0.091 -0.148

(0.076) (0.112) (0.078) (0.062) (0.030) (0.076) (0.060) (0.057)

Single Teacher -0.083 -0.096 -0.341 -0.589 0.078 0.164 0.269 0.005

(0.200) (0.281) (0.218) (0.164) (0.094) (0.253) (0.169) (0.162)

Bilingual -1.995 -1.643 -2.663 -0.139 0.011 1.315 0.079 -0.344

(0.124) (0.144) (0.122) (0.083) (0.046) (0.092) (0.083) (0.079)

Travel Time -0.211 -0.179 -0.291 -0.077 -0.069 0.086 0.012 -0.061

(0.045) (0.051) (0.050) (0.037) (0.019) (0.034) (0.035) (0.035)

log Population -0.249 0.026 -0.205 -0.009 0.017 0.013 -0.010 0.012

(0.010) (0.011) (0.011) (0.008) (0.003) (0.012) (0.008) (0.007)

Time × log Pop 0.037 0.022 0.047 0.008 0.010 -0.005 -0.002 0.008

(0.006) (0.008) (0.007) (0.005) (0.003) (0.006) (0.005) (0.005)

Lagged Math Score 0.177 -0.282 -0.005 0.019 0.004 -0.120 -0.002 0.025

(0.077) (0.105) (0.083) (0.064) (0.030) (0.077) (0.060) (0.059)

Lagged Spanish Score -0.269 0.471 -0.001 -0.016 -0.018 0.133 0.035 -0.144

(0.082) (0.112) (0.088) (0.067) (0.032) (0.082) (0.064) (0.062)

Share Female 0.023 -0.236 0.053 0.148 -0.107 -0.083 -0.170 -0.169

(0.141) (0.223) (0.157) (0.125) (0.056) (0.164) (0.118) (0.115)

Share Quechua -0.120 0.233 -0.421 0.054 -0.009 1.217 -0.113 -0.064

(0.121) (0.119) (0.103) (0.083) (0.041) (0.079) (0.078) (0.075)

Student Age -0.076 -0.377 -0.083 0.068 -0.070 -0.292 0.127 -0.044

(0.090) (0.134) (0.097) (0.076) (0.036) (0.106) (0.072) (0.070)

Outside Option -3.590 4.619 0.270 -1.256 -1.155 -0.523 -0.255 -0.530

(0.390) (0.535) (0.431) (0.326) (0.156) (0.420) (0.312) (0.303)

Previous School 3.429 7.208 3.713 0.150 -0.053 -0.681 0.121 0.351

(0.084) (0.111) (0.099) (0.072) (0.031) (0.109) (0.063) (0.065)

Distance: 0–20km -0.122 -0.132 0.072 -0.020 -0.011 0.045 0.005 -0.029

(0.004) (0.013) (0.005) (0.004) (0.002) (0.005) (0.003) (0.003)

Distance: 20–100km -0.075 0.026 -0.028 -0.000 -0.001 0.005 -0.004 0.002

(0.001) (0.002) (0.001) (0.001) (0.000) (0.001) (0.001) (0.001)

Distance: 100km+ -0.015 -0.003 -0.026 0.001 -0.000 -0.001 0.000 0.000

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

Notes. This table reports estimates of the applicant school-choice utility under the alternative stability-based identification
strategy described in Section 3.2, which allows applicants to omit schools they regard as infeasible. The first three columns
report the baseline coefficients for the three latent preference types τj = 1, 2, 3. The remaining columns report interactions with
applicant gender, standardized test score, Quechua-speaking status, public-sector experience, and private-sector experience.
Distance enters as a linear spline with knots at 20 and 100 kilometers. Standard errors are reported in parentheses.
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Table A.5: Estimates Teacher Value-Added: γ

Truth-telling Stability

Lagged Score2 -0.001 (0.003) -0.001 (0.003)

Quechua -0.055 (0.017) -0.055 (0.017)

Age -0.130 (0.006) -0.130 (0.006)

School Lagged Score 0.304 (0.055) 0.294 (0.055)

School Lagged Score2 0.088 (0.050) 0.093 (0.050)

School Female -0.108 (0.255) -0.131 (0.254)

School Quechua 0.463 (0.291) 0.452 (0.291)

School Age -0.717 (0.136) -0.706 (0.135)

Class Lagged Score -0.158 (0.032) -0.158 (0.032)

Class Lagged Score2 -0.066 (0.028) -0.068 (0.028)

Class Female 0.583 (0.136) 0.574 (0.136)

Class Quechua -0.497 (0.302) -0.499 (0.302)

Class Age 0.049 (0.075) 0.041 (0.075)

Class Size 0.002 (0.006) 0.003 (0.006)

Class Size2 -0.000 (0.000) -0.000 (0.000)

Control function, φ 0.018 (0.014) 0.022 (0.021)

Notes. This table reports the common coefficients in the student-outcome equation used
to estimate teacher effectiveness, together with the coefficient φ on the applicant-preference
control function. The Truth-telling column constructs the control function using the appli-
cant preference estimates in Table A.3, while the Stability column uses the stability-based
estimates in Table A.4. Teacher fixed effects and teacher-specific interactions with lagged
achievement and gender, which recover the teacher-effectiveness parameters (αj , βj), are not
reported. Standard errors are reported in parentheses. Inference treats the estimated first-
stage applicant-preference parameters and the resulting control-function terms as fixed. We
include an indicator for observations for which the control-function term is missing.
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Table A.6: Balance Tests for Excluded Preference Shifters

(1) (2) (3) (4) (5) (6)

Dropout Failing rate
Teacher
retention

Dropout Failing rate
Teacher
retention

Intercept 0.021 0.051 0.839 0.015 0.046 0.825

(0.004) (0.005) (0.024) (0.004) (0.005) (0.026)

Distance (1,000 km) 0.0005 0.0030 -0.0219 – – –

(0.0030) (0.0040) (0.0196)

Wage (1,000 soles) – – – 0.0030 0.0012 -0.0105

(0.0012) (0.0017) (0.0087)

School Lagged Math Score 0.001 0.006 0.010 0.000 0.005 0.014

(0.002) (0.003) (0.016) (0.002) (0.003) (0.013)

School Lagged Spanish Score -0.010 -0.013 0.009 -0.008 -0.013 0.006

(0.002) (0.003) (0.017) (0.002) (0.003) (0.014)

School Lagged Math Score2 0.002 -0.005 0.000 0.002 -0.002 -0.003

(0.001) (0.002) (0.010) (0.001) (0.002) (0.009)

School Lagged Spanish Score2 -0.001 0.002 0.003 -0.001 0.003 -0.004

(0.001) (0.002) (0.008) (0.001) (0.001) (0.007)

School Female -0.006 0.001 0.087 -0.004 0.002 0.101

(0.006) (0.008) (0.039) (0.005) (0.006) (0.033)

School Quechua -0.008 0.006 -0.056 -0.007 0.006 -0.039

(0.002) (0.002) (0.011) (0.001) (0.002) (0.009)

School Age 0.032 0.101 -0.058 0.031 0.098 -0.048

(0.002) (0.003) (0.016) (0.002) (0.003) (0.013)

Amenity Index -0.002 0.001 0.006 -0.002 0.000 0.006

(0.001) (0.001) (0.004) (0.000) (0.001) (0.003)

Travel Time -0.001 0.001 -0.036 -0.002 0.002 -0.042

(0.001) (0.002) (0.008) (0.001) (0.001) (0.007)

log(Population) 0.000 -0.000 0.002 0.000 -0.000 0.004

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

Travel Time × log(Pop) 0.000 0.000 0.003 0.000 0.000 0.005

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

Notes. This table assesses the exclusion restrictions for the two variables used to shift applicants’ school choices in the
control-function correction. Columns (1)–(3) regress predetermined school dropout rates, examination failure rates, and
teacher retention, respectively, on applicant–school distance. Columns (4)–(6) regress the same outcomes on the wage attached
to the position. Distance is measured in thousands of kilometers and wages in thousands of soles. All regressions control for
the predetermined school characteristics reported in the table. Standard errors are reported in parentheses.
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Table A.7: Selection on Private School Information

CV Interview
Classroom
observation

Screening score -0.0028 -0.0054 0.0029

(0.0049) (0.0048) (0.0052)

Observations 380 372 384

R2 0.001 0.003 0.001

Notes. This table tests whether school screening scores predict student-
achievement variation not captured by the baseline teacher-value-added specifi-
cation. The dependent variable is the teacher–school–year average residual from
the baseline student-outcome equation. Each column reports a separate bivariate
regression of this residual on the indicated screening score. CV, interview, and
classroom-observation scores are standardized within the original school × year
contest. Standard errors are reported in parentheses.
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Table A.8: Candidate Selection under Coarser Prior Information Sets

Pre-
interview

Prior TVA
Coarse

prior: no Rj

Coarse
prior: no

Rj , gender,
ethnicity

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

Female 0.006 0.065 0.136 0.008

(0.005) (0.005) (0.004) (0.005)

Test score (std.) 0.017 0.158 0.239 0.268

(0.005) (0.005) (0.005) (0.004)

Quechua 0.007 0.009 -0.027 -0.004

(0.003) (0.003) (0.003) (0.003)

Exp public > 0 0.047 0.032 -0.004 -0.012

(0.003) (0.004) (0.004) (0.004)

Exp private > 0 -0.027 0.104 0.189 0.203

(0.006) (0.005) (0.004) (0.004)

Internal candidate 0.012 0.006 0.002 0.005

(0.004) (0.004) (0.004) (0.004)

Shrunken TVA 0.011 0.016 -0.002 0.004

(0.008) (0.008) (0.008) (0.008)

N. observations 3,642 3,642 3,642 3,642

N. schools 2,874 2,874 2,874 2,874

Notes. This table assesses whether the difference between schools’ pre-interview rankings and the
estimated prior ranking can be explained by schools conditioning on a coarser information set.
All entries report the characteristic of the top-ranked candidate under the indicated rule minus
its expected value under random selection from the same realized candidate set, averaged across
school × year contests. Column (1) uses the observed pre-interview school ranking and Column
(2) ranks candidates by the estimated prior expectation of teacher effectiveness. Column (3) ranks
candidates using a coarse prior constructed without information from applicants’ rank-ordered
lists Rj , while Column (4) additionally removes gender and ethnicity from the information used
to construct the coarse prior. The shrunken-TVA row is estimated on the TVA subsample used in
Table 2; all other rows use the full analysis sample. Each contest receives equal weight. Standard
errors in parentheses are clustered at the school level.
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Table A.9: Candidate Selection by Principal Experience and Managerial Skill

Random
selection

Test score
Pre-

interview
Post-

interview
Prior TVA

(1) (2) (3) (4) (5)

Panel A: Principal with at least 2 years of experience

Female 0.808 -0.009 0.008 -0.022 0.062

(0.007) (0.007) (0.007) (0.006)

Test score (std.) 1.686 0.328 0.006 0.005 0.139

(0.005) (0.006) (0.006) (0.006)

Quechua 0.094 0.005 0.007 0.003 0.008

(0.004) (0.004) (0.004) (0.004)

Exp public > 0 0.909 0.011 0.030 0.032 0.021

(0.005) (0.004) (0.004) (0.005)

Exp private > 0 0.721 0.000 -0.012 -0.012 0.100

(0.007) (0.007) (0.007) (0.007)

Internal candidate 0.124 0.014 0.011 0.046 0.004

(0.006) (0.006) (0.006) (0.006)

Shrunken TVA 0.276 0.014 0.007 0.022 0.018

(0.011) (0.010) (0.011) (0.011)

N. observations 2,130 2,130 2,130 2,130 2,130

N. schools 1,776 1,776 1,776 1,776 1,776

Panel B: Principal with managerial score above median

Female 0.841 -0.017 0.000 -0.022 0.049

(0.010) (0.010) (0.010) (0.009)

Test score (std.) 1.698 0.353 0.016 0.007 0.161

(0.007) (0.009) (0.010) (0.010)

Quechua 0.076 0.005 0.004 0.005 0.006

(0.005) (0.006) (0.005) (0.006)

Exp public > 0 0.874 0.009 0.067 0.043 0.037

(0.008) (0.007) (0.008) (0.008)

Exp private > 0 0.765 -0.010 -0.030 -0.001 0.083

(0.010) (0.011) (0.011) (0.009)

Internal candidate 0.122 0.011 0.015 0.032 0.002

(0.008) (0.009) (0.009) (0.009)

Shrunken TVA 0.321 0.019 0.008 0.036 0.045

(0.014) (0.014) (0.015) (0.014)

N. observations 985 985 985 985 985

N. schools 749 749 749 749 749

Notes. This table reports the selection effects of alternative ranking rules for subsamples of principals for whom
poorly informed or naive prior beliefs are less plausible. Panel A restricts the sample to principals with at least two
years of experience. Panel B restricts the sample to principals whose managerial score is above the median among
principals with an observed score. Within each panel, Column (1) reports the expected characteristic under random
selection and Columns (2)–(5) report the characteristic of the top-ranked candidate under the indicated rule minus
the corresponding random-selection benchmark. The shrunken-TVA row uses the corresponding TVA subsample;
the remaining rows use all eligible contests in the panel. Each contest receives equal weight. Standard errors in
parentheses are clustered at the school level.
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Table A.10: Selection of Internal Candidates

Random
selection

Pre-
interview

Post-
interview

(1) (2) (3)

Internal candidate 0.121 0.005 0.033

(0.010) (0.010)

Shrunken TVA 0.272 0.011 0.025

(0.008) (0.008)

High-VA internal 0.059 0.003 0.017

(0.008) (0.008)

Low-VA internal 0.061 0.001 0.017

(0.007) (0.007)

N. observations 526 526 526

N. schools 492 492 492

Notes. This table examines whether schools’ preference for internal candidates
is concentrated among internal candidates with higher measured teacher effec-
tiveness. Column (1) reports the expected characteristic under random selection
from the realized candidate set. Columns (2) and (3) report the characteris-
tic of the top-ranked candidate under the pre- and post-interview rankings, re-
spectively, minus the corresponding random-selection benchmark. High-VA and
Low-VA internal candidates are internal candidates whose shrunken TVA lies
above or below, respectively, the median shrunken TVA among internal candi-
dates in the TVA analysis sample. The table uses the TVA subsample described
in Table 2. Each contest receives equal weight. Standard errors in parentheses
are clustered at the school level.

Table A.11: Test-Score Exclusion Restriction

CV Interview
Classroom
observation

Residualized test score (1 SD) 0.020 0.022 0.009

(0.010) (0.010) (0.010)

Partial R2 0.0006 0.0006 0.0001

Strict pairwise reversals 0.00% 0.00% 0.00%

Notes. This table assesses the exclusion of applicant test scores from the reduced-form components
vg(·) of school rankings. For each school-evaluation component—CV, interview, and classroom
observation—we residualize both the standardized evaluation score and standardized applicant
test score with respect to the estimated prior mean of teacher effectiveness, the other applicant
characteristics entering vg(·), and school × year fixed effects. Residualized test scores are then
normalized to have unit standard deviation. The first row reports their coefficient in a regression
of the residualized evaluation score on residualized test score; standard errors in parentheses are
clustered at the school level. The second row reports the corresponding partial R2. The third
row reports the share of strict within-contest pairwise candidate orderings that would be reversed
after removing the fitted test-score component from the evaluation score; tied candidate pairs are
excluded.
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Table A.12: Observable Predictors of Estimated Preferences and Signal Extraction

Posterior mean δi Posterior mean γi

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

Average student test score 0.000 0.005 0.021 0.019

(0.009) (0.012) (0.012) (0.014)

Female student share -0.006 0.009 0.036 0.040

(0.034) (0.065) (0.038) (0.073)

Urban -0.007 -0.008 0.009 0.010

(0.010) (0.014) (0.013) (0.016)

Principal experience (years) 0.004 -0.006

(0.004) (0.005)

Principal test score (std.) 0.001 0.006

(0.006) (0.009)

Observations 2874 1479 2874 1479

R2 0.000 0.001 0.002 0.002

Notes. The dependent variables are the posterior means of the school-specific coefficients δi and γi. Higher δi
corresponds to a greater weight on teacher effectiveness, while higher γi corresponds to a noisier private signal and
therefore lower signal-extraction ability. Columns (1) and (3) use the school characteristics available for the full
estimation sample. Columns (2) and (4) additionally include principal experience and the principal’s standardized
test score and therefore use complete cases for these variables. School-year covariates are first collapsed to one
observation per contest and then averaged within school. Heteroskedasticity-robust HC1 standard errors are reported
in parentheses. The regressions are descriptive and treat posterior means as estimated school-level outcomes.

Table A.13: Observable Characteristics by Estimated School Type

Overall
Low δ, low

γ
Low δ, high

γ
High δ, low

γ
High δ,
high γ

Average student test score 0.220 0.141 0.242 0.226 0.261

Female student share 0.473 0.491 0.487 0.456 0.463

Urban 0.762 0.726 0.824 0.750 0.746

Principal experience (years) 1.621 1.355 1.665 1.897 1.499

Principal test score (std.) 0.550 0.434 0.582 0.570 0.606

Share of classified schools 1.000 0.221 0.242 0.292 0.246

Number of schools 281 62 68 82 69

Notes. For each draw from the posterior distribution, schools are classified according to whether δi and γi lie above or below
their respective cross-school medians. For each school, the posterior probability of each of the four joint types is the fraction of
posterior draws in which the school is assigned to that type. A school is assigned to its modal type only if its posterior probability
for that type is at least 0.40; remaining schools are left unclassified. The Overall column therefore refers to the classified-school
sample. Low γi corresponds to more precise signals and greater signal-extraction ability. School-year characteristics are first
measured once per contest and then averaged within school, so schools are not weighted by the number of applicants or contests
in which they appear. Principal characteristics use the years in which they are observed. “Share of classified schools” reports
each type’s share of the classified sample.
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Table A.14: Model Fit: Gains in Expected Student Achievement

Pre-interview Post-interview

Data Model Data Model

Expected student achievement gain 0.011 0.002 0.025 0.011

SD of gains across contests 0.189 0.193 0.193 0.193

N. observations 526 526 526 526

N. schools 492 492 492 492

Notes. The table compares the treatment effects of the pre- and post-interview ranking rules with the corresponding
model predictions. As in Table 2, treatment effects are evaluated using the shrunken empirical-Bayes estimates q̂∗ij : for
each contest, the effect is the shrunken effectiveness of the top-ranked candidate minus the average shrunken effectiveness
of candidates in the same realized candidate set. The first row reports the average treatment effect across contests and
the second row its cross-contest standard deviation. The sample is restricted to contests with at least two candidates
for whom teacher value added can be estimated, and rankings are recomputed within this sample. Each contest receives
equal weight. Model moments are averaged across model simulations.

Table A.15: Model Fit: Changes in School Rankings

Moment Data Model

Any pre-post rank change 0.658 0.674

Share of applicants changing rank 0.514 0.528

Pooled correlation of rank positions 0.705 0.697

Notes. “Any pre–post rank change” is the share of contests in which at least one candidate
changes rank between the pre- and post-interview stages. “Share of applicants changing rank”
is first calculated within each contest and then averaged across contests, giving each contest
equal weight. “Pooled correlation of rank positions” is the Pearson correlation between pre-
and post-interview rank positions across candidate–contest observations. Model moments are
averaged across model simulations.
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Figure A.1: School Evaluation Scores and Candidate Ranking Positions

a) Initial Position in the Focal Shortlist b) Position in Competing Shortlists

Notes: Panel (a) relates standardized CV, interview, and classroom-observation scores to the applicant’s centralized test-
score rank in the focal school-year contest. Rank 1 is omitted and ranks 7 or worse are pooled. The regressions control flexibly
for test score and observed applicant characteristics and include applicant and school-year fixed effects; standard errors are
clustered by applicant. Panel (b) relates the same scores to the applicant’s best test-score rank in another contemporaneous
shortlist. These regressions include applicant-year and school-year fixed effects, with standard errors two-way clustered at those
levels. Points are coefficient estimates and bars report 95% confidence intervals.

Figure A.2: Applicant Rankings and Shortlist Feasibility

Notes: For each applicant–school pair involving a school-year with a reconstructable binding shortlist, we compute the appli-
cant’s counterfactual test-score rank relative to the institutional shortlist cutoff. Zero denotes the last feasible shortlist position,
negative values positions inside the shortlist, and positive values positions outside it; positions five or more ranks inside the
cutoff are pooled. The figure reports coefficients from a linear probability model for applying to the school, with the +1 position
omitted. The specification includes applicant-year and school-year fixed effects, controls for distance and previous employment
at the school, and two-way clustered standard errors. Categories above +1 are not displayed because support is sparse. Points
are coefficient estimates and bars report 95% confidence intervals.
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Figure A.3: Shrunken ATE under Truth-Telling and Stability-Based Preference
Corrections

Notes: Each point represents a teacher and compares the shrunken estimate of average teacher effectiveness obtained using
the truth-telling applicant-preference specification on the horizontal axis with the corresponding estimate obtained using the
stability-based specification on the vertical axis. The dashed line is the 45-degree line. The correlation between the two sets of
estimates is 0.992.
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B Technical Appendix

B.1 Construction of the Control-Function Terms

This appendix provides additional details on the construction of the control-function terms

used in Section 3.2. Applicant j’s utility from school i, conditional on latent preference type

τj = h, is

Uijh = uijh + ηij, uijh ≡ u(zj, xi, dij, τj = h),

where ηij is i.i.d. Type-I extreme value with mean µη.

We represent the observed rank-ordered list as a sequence of conditional choice problems.

Let Ajm denote the set of alternatives remaining at ranking occasion m, after removing the

alternatives ranked above m, and let rjm denote the alternative chosen at that occasion.

Conditional on type h, the probability that alternative i ∈ Ajm is chosen at occasion m is

pmijh =
exp(uijh)∑

ℓ∈Ajm
exp(uℓjh)

. (11)

The probability of the observed ranking conditional on type h is therefore

Lj(h) =

Mj∏
m=1

pmrjmjh, (12)

where the outside option is appended as the terminal chosen alternative. Thus, at the

final ranking occasion, the applicant chooses the outside option over all schools that remain

unranked.

For a standard logit choice problem, the Dubin–McFadden generalized residual for an

alternative that is chosen from a choice set is

E [ηij − µη | i = rjm,Ajm, τj = h] = − log pmijh. (13)

Accordingly, if school i is ranked at position m in applicant j’s submitted list, we construct

the type-specific control-function term as

λRijh = − log pmijh. (14)
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We also require a control-function term for schools that applicant j does not rank. LetMj

denote the terminal choice occasion, at which the outside option is chosen, and let p
Mj

ijh denote

the conditional choice probability of an unranked school i in the choice set that remains at

this occasion. Because E[ηij − µη] = 0, the law of total expectation implies

0 = p
Mj

ijhE[ηij − µη | i chosen, τj = h] + (1− p
Mj

ijh)E[ηij − µη | i not chosen, τj = h].

Using equation (13), the generalized residual for an unranked alternative is therefore

λUijh =
p
Mj

ijh

1− p
Mj

ijh

log p
Mj

ijh. (15)

Hence, ranked and unranked schools receive different generalized residuals because the former

are observed as chosen alternatives at one of the exploded-logit choice occasions, whereas the

latter are observed as not chosen when the applicant terminates the ranking by selecting the

outside option.

The latent preference type τj is not observed by the econometrician. Let πh denote

the population probability of type h. After estimating the preference model, we use the

applicant’s complete observed ranking to form the posterior probability

ωjh ≡ P (τj = h | Rj, zj, dj) =
πhLj(h)∑K
s=1 πsLj(s)

. (16)

The control-function term used in the student-outcome equation integrates the type-specific

generalized residual over these posterior probabilities:

λij(Rj, zj, dj) =
K∑

h=1

ωjhλijh, λijh =


λRijh, if school i is ranked,

λUijh, if school i is unranked.

(17)

In the baseline specification, K = 3. The posterior weights in equation (16) are applicant-

specific and summarize what the submitted ranking reveals about the applicant’s latent

preference type. The same posterior weights are then used to integrate the school-specific

generalized residuals in equation (17).

Under the alternative stability-based identification strategy described in Section 3.2, the

construction is unchanged except that each exploded-logit choice occasion is defined over the
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applicant’s feasible choice set rather than the full set of schools implied by truth-telling. We

recompute both the conditional choice probabilities and the posterior type probabilities un-

der that alternative preference model before constructing the corresponding control-function

terms.

B.2 Identification of the Hiring Model

To make the panel structure explicit, let c ∈ Ci index recruitment contests observed for

school i. The school-specific parameters (δi, γi) are constant across contests, while candidate

sets and candidate–school shocks vary across c. We condition throughout on the realized

candidate sets.

Identification of δi. Before the interview,

V 1
icj = exp(δi)E[qicj | S1

icj] + v1(zj, Iicj) + ξicj + ϵ1icj.

For two candidates j and k in the same contest, define

∆q1icjk = E[qicj | S1
icj]− E[qick | S1

ick]

and

∆v1icjk = v1(zj, Iicj)− v1(zk, Iick).

Conditional on the persistent shocks, the probability that j is ranked above k is strictly

increasing in

exp(δi)∆q
1
icjk +∆v1icjk.

Applicant test score is excluded as a direct regressor from v1(·) but shifts expected teacher

effectiveness. Hence, conditional on the remaining determinants of v1(·), variation in test

scores generates excluded variation in ∆q1icjk. If the support of this variation is nondegenerate,

the mapping from δi into pre-interview ranking probabilities is injective.

Full rankings provide multiple such comparisons within each contest. Moreover, for

schools observed in several contests, the same δi must rationalize rankings across different

candidate sets and realizations of ∆q1icjk.
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Identification of γi. Let

s2icj = (1− ρIicj)σ
2
q (Xic)

denote uncertainty about candidate effectiveness immediately before the interview. The

updating equation implies

E
[
E[qicj | S2

icj]− E[qicj | S1
icj] | qicj, S1

icj

]
=

s2icj
s2icj + exp(γi)

(
qicj − E[qicj | S1

icj]
)
.

Thus the responsiveness of posterior beliefs to the productivity innovation

qicj − E[qicj | S1
icj]

is

wicj(γi) =
s2icj

s2icj + exp(γi)
,

which is strictly decreasing in γi. In particular,

exp(γi) = s2icj
1− wicj

wicj

.

Hence signal precision is uniquely determined by the degree to which post-interview beliefs

respond to productivity innovations.

The ranking data reveal this response through changes in relative rankings between the

two stages. Conditional on δi and on the stage-specific observable components v1(·) and v2(·),
stronger alignment between post-interview rank changes and candidate-specific productivity

innovations implies a lower γi. Because the same school is observed across multiple can-

didate comparisons, and potentially across multiple contests, the model observes repeated

realizations of this relationship for a common γi.

Persistent heterogeneity and the distribution of school types. The persistent com-

ponent ξicj enters both rankings within a contest, whereas the type-I extreme-value shocks are

stage specific. Conditional on the systematic utility components, cross-stage rank persistence

therefore identifies the dispersion of ξicj.

Let Ri collect all rankings observed for school i, and let Xi collect the corresponding
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candidate sets and covariates. After integrating out contest-specific shocks and signals, write

the school-level likelihood as

Ki(Ri | δi, γi,Xi) =
∏
c∈Ci

Kic(Ric | δi, γi,Xic).

The population distribution G(δ, γ) then satisfies

P (Ri | Xi) =

∫
Ki(Ri | δ, γ,Xi) dG(δ, γ).

Identification of the mixing distribution requires the usual injectivity condition for this

mixture representation. The relevant source of variation is particularly rich in our setting:

each contest provides complete rankings under two information sets, while repeated contests

provide different candidate pools for the same persistent school type. Our baseline normality

assumptions on δi and γi provide a parsimonious parameterization of this mixing distribution

rather than the source of the identifying variation.
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