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Abstract

Why do students learn more in some schools than others? School management has been
identified as potentially a key factor. This paper develops a theoretical framework ex-
plaining how management influences student learning. We introduce a new method
for measuring management practices at scale using existing public data, applying it
to OECD’s PISA. Two validation exercises establish a strong, positive relationship
between our management index and student learning, and confirm the predictions of
the theoretical model. We then examine why managerial turnover diminishes orga-
nizational performance. Evidence from Brazilian schools demonstrates that turnover
destabilizes management practices, reducing their quality and, consequently, lowering
student test scores.
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1 Introduction

Despite global calls for improvements in education, progress towards learning for all is slow.

This deficit is particularly pronounced for poor children and children in low-income countries

(Akmal and Pritchett, 2019; Cullen et al., 2013). But why do some students learn more in

some schools than others? While there are many contributing factors at system, school,

and household-level, one consideration receiving growing attention is school management

practices. These practices are distinct from principal characteristics and leadership, and refer

to the processes used by principals day-to-day as they run their schools (World Bank, 2018).

However, researchers and practitioners interested in this issue face two key challenges in

accounting for the role of management practices in their work: (a) understanding why school

management leads to better student learning; and (b) how to measure school management

accurately and cost-effectively at scale and across contexts.

This paper addresses these challenges. We first develop a theoretical framework that

maps school management to school functioning (intermediate outcomes relating to teachers

and households) and from this into student learning. We outline theoretical causal pathways

and draw out testable predictions that can be taken to international data.

In parallel, we develop a new approach to measurement that can, in principle, be used

with any existing public dataset containing information about school management. We illus-

trate the methodology with the OECD’s Programme for International Student Assessment

(PISA). We start with a decision tree and use it to identify management practices in the

PISA school principal survey. We then show how the resulting 49 questions can be coded

and built into a school management index. Our PISA-based index covers over 15,000 schools

across 65 countries. We validate this index by documenting that it is strongly positively

correlated with student performance, echoing findings based on the well-established World

Management Survey (Bloom et al., 2015). As a further validation exercise, we use the PISA

dataset to construct indices of school functioning and show that they are correlated with our
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PISA-based management index, as predicted by the theoretical model.

We hope there will be myriad uses of this new measurement approach. To demonstrate its

potential value, we apply the method to a second dataset, Brazil’s Prova Brasil, and use the

resulting management index to unpack the negative relationship that has been documented

between leadership change and student performance (Akhtari et al., 2022).1 We explore this

issue in two stages. First, we test whether an exogenous ‘turnover shock’ impacts school man-

agement practices. Building on the regression discontinuity design in Akhtari et al. (2022),

we show that upheaval in school leadership due to changes in municipal governments follow-

ing close elections led to a subsequent decline in the quality of school management. Next,

we use mediation analysis to quantify the relative importance of management practices and

principal characteristics (attributes such as gender, age, experience, and educational back-

ground that may shape leadership prowess or charisma) as causal pathways from turnover

to test scores. Following the approach of Acharya et al. (2016), we find that management

practices and principal characteristics together account for close to a quarter of the original

negative partial effect of turnover on test scores, with management playing the larger me-

diating role. We conclude that turnover matters, at least in part, through a de-stabilizing

effect that reduces the quality of school management practices which, in turn, lowers student

test scores.

Our new measurement approach contributes to the literature on the role of managers

and management practices in determining establishment performance. Results for firms are

consistent: managers and management practices matter for productivity (e.g. Bloom et al.,

2019; Bloom and Van Reenen, 2007; Giorcelli, 2019; Scur et al., 2021; Syverson, 2011) and

labor flows (Bender et al., 2018; Cornwell et al., 2021). This relationship has also been doc-

umented in the public sector, including schools in both high-state-capacity contexts (Bloom
1Leadership change is notoriously disruptive. Though the wider literature on the impact of leadership

change often focuses on CEOs (Bandiera et al., 2020; Bertrand and Schoar, 2003; Huber et al., 2021), causal
evidence is scarce, typically relying on rare events such as CEO deaths or wars. Our analysis exploits a
commonplace event, political turnover, that brings with it leadership change in schools.
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et al., 2015; Fryer, 2014, 2017) and low-state-capacity contexts (Crawfurd, 2017; Lemos et al.,

2024; Romero et al., 2020).2 To date, however, the number of schools and countries studied

has been relatively small, primarily as a result of data limitations (Adelman and Lemos,

2021). Our approach enables researchers to work with substantially larger datasets and, as

we illustrate in our application, facilitates quasi-experimental methods for evaluating, e.g.,

the impact of turnover in political and organizational leadership. A further benefit is that

researchers running experiments now have a larger set of benchmarkable questions on man-

agement practices to consider for inclusion in baseline and endline surveys (c.f. Crawfurd

et al., 2024).

A related literature considers the role of education systems and institutions in determining

student performance across countries (Wössmann, 2016). PISA is a commonly used dataset

and researchers have looked at this issue through the lens of autonomy (Hanushek et al.,

2013; Wössmann et al., 2007), competition (West and Wössmann, 2010), student tracking

(Hanushek and Wössmann, 2006; Ruhose and Schwerdt, 2016), external exams (Wössmann,

2005), and instructional time (Lavy, 2015). Our new indices enable researchers to consider

school management in such studies and across a larger number of countries.

Our theoretical framework makes two modest contributions to the literature on incentives

and selection in public sector organizations (see Dal Bó and Finan (2020) and Finan et al.

(2017) for reviews). The first contribution concerns the micro-foundations for selection. This

margin has been less well-studied than incentives, with authors typically focusing on the role

that teacher performance pay plays in determining how teachers choose between jobs (see e.g.

Biasi, 2021; Brown and Andrabi, 2025; Dohmen and Falk, 2010; Lazear, 2003; Leaver et al.,

2021; Rothstein, 2015). We emphasize that other aspects of school management (rather

than use of performance pay) can influence teacher selection, via impacts on culture and
2In addition to schools, sectors studied include: universities (McCormack et al., 2014), healthcare facilities

(Bloom et al., 2017, 2015), social programs (Delfgaauw et al., 2011; McConnell et al., 2009), the civil service
(Fenizia, 2022; Rasul and Rogger, 2016) and state-owned enterprises (Kala, 2019).
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resourcing. The second contribution is to provide an intuitive decomposition (into incentive

versus selection effects) of the impact of management practices on student learning. We use

it to draw out testable predictions that we subsequently pursue in correlational analysis.

Our framework can be (and indeed has been) used by researchers with access to the data

necessary to explore the causal impact of management practices in schools.3

2 Why might management matter in schools?

It is now well established — at least in the countries studied to date — that more structured

management practices in schools are associated with better student learning outcomes, but

why these practices matter and the channels they are working through remain a black box.

We develop a simple theoretical framework in which good management practices drive stu-

dent learning by improving school functioning, noting testable predictions that can then be

taken to the data.4

Education systems are diverse, particularly in terms of the type of private sector offerings.

In some contexts, private schools target affluent households, and jobs in private schools are

seen as more attractive than jobs in public schools. In other contexts, there has been a

growth of ‘low-cost’ private schools and jobs in the public sector confer significant rents. In

view of this diversity, we restrict our analysis to the sector that attends to the largest share

of students across countries, namely public schools.

The framework focuses on a teacher and representative household. Our aim is not to

provide a theoretical contribution per se, but rather to formalize intuitions around teacher

incentive and selection mechanisms and their relationship to management practices and

student performance. We take wider system-level factors — in particular hiring and firing

autonomy, admissions autonomy and competition between schools — as given and assume
3See, e.g., Prem and Munoz (2023) who use the framework in a study of principal recruitment in Chile.
4We summarize the model and give intuition for results. Details and derivations are in the Online

Appendix.
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that teachers and students make choices within the confines of this environment.

2.1 Summary of the model

We focus on a teacher who must decide whether to accept a job offer in her assigned public

school, or decline it and apply to a private school or the outside sector. The teacher is

risk neutral and cares about her compensation and effort. When working in the education

sector, she (initially) derives a marginal benefit from exerting an extra unit of effort, e, in

teaching. This intrinsic motivation has two components: a baseline level, τ , that is private

information; and a motivational increment, ∆, that is public information and determined

by the management practices in the teacher’s chosen school. Intrinsic motivation plays no

role in the outside sector. Our model also includes a representative household (student plus

parents) that cares about its effort, a. The household’s intrinsic motivation depends on γ,

an increment that is determined by school management practices.

We use y1 to denote a representative student’s learning outcome in a school that hires

the teacher, and y0 to denote the same in a school that does not hire the teacher. We assume

y1 = θe + a + ε and y0 = a + ε. If the teacher chooses to work in the outside sector, her

performance is z = θe+ ε. The term θ is the teacher’s ability and is her private information,

and the term ε is an error that is independent across employments. Public schools offer a

flat wage. Private schools and the outside sector offer a base wage plus a performance bonus.

We assume that management has three effects. Good management practices: (i) enable

managers to cultivate the intrinsic motivation of their staff, increasing ∆; (ii) free up re-

sources and enable managers to offer a higher level of pay (potentially in hedonic form); and

(iii) help to create a stimulating environment for students and parents, increasing γ. Our

interest lies in establishing how these three effects translate into student learning. We do

not model the government’s assignment rule, or the school principal’s choice of management

practices. For simplicity, we classify schools as either high or low management. In a high
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management school, ∆, base pay, and γ are all higher than in a low management school.

2.2 Mechanisms

We use this model to show how public schools with good management can produce better

student outcomes. Specifically, we compare outcomes in a high management public school

with outcomes in a low management public school, assuming both compete with a high

management private school and the outside sector. The index i = L,H denotes the quality

of management in these public schools.

Public school i hires its assigned teacher if, given her (θ, τ) type, she expects to receive

a higher payoff from teaching in this school compared to a high management private school

or working in the outside sector. We use E [yi] to denote the expected learning outcome

(ex ante, prior to occupational and effort choices) in school i, and T i to denote the set of

(θ, τ) types that can be hired to this school. In the Online Appendix, we derive teacher

and household effort in high and low management public schools. Substituting for these

expressions, we can decompose the difference in expected learning outcomes between high

and low management public schools as

E
[
yH
]
− E

[
yL
]

= E
[
θ

(
∆H −∆L

2

)
· 1{(θ,τ)∈T H}

]
︸ ︷︷ ︸

teacher incentives

+

E
[
θ

(
τ + ∆L

2

)
·
(
1{(θ,τ)∈T H} − 1{(θ,τ)∈T L}

)]
︸ ︷︷ ︸

teacher selection

+ γH − γL

2︸ ︷︷ ︸
household incentives

, (1)

where 1{(θ,τ)∈T i} is an indicator function for the event that the teacher is hired to school i.

The first term on the RHS of equation (1) is what we call the teacher incentive effect

of good management. Here, we compare the expected teacher contribution to the learning

outcome in a high management public school, in the event that the teacher is hired to such a

school, against the expected teacher contribution in a low management public school, in the
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counterfactual event that the teacher is hired to a high management public school. In this

way, we hold the set of (θ, τ) types fixed and just consider how the incentive environment for

the teacher contributes to learning. This expression shows that expected learning is higher

in a high management public school, in part, because good management practices increase

the intrinsic motivation of any given (θ, τ) type of teacher, who then exerts more effort than

she would in a low management public school.

The second term in equation (1) captures what we call the teacher selection effect of good

management practices. Here, we compare the expected teacher contribution to the learning

outcome in a low management public school, in the event that the teacher is hired to such

a school, against the expected teacher contribution in a low management public school, in

the counterfactual event that the teacher is hired to a high management school. Expected

learning is higher in a high management public school, in part, because good management

practices encourage better (θ, τ) types to select in, and these types exert more effort and are

of greater ability than would be the case in a low management school.5

The third term in equation (1) captures what we call the household incentive effect of good

management practices. Expected learning is higher in a high management public school, in

part, because good management practices increase the motivation of parents and students

who then exert more effort than they would in a low management public school.

These mechanisms — teacher incentives, teacher selection and household incentives —

could explain the widely documented positive correlation between management scores and

student learning outcomes. If these mechanisms are correct, then we should see behavioral

responses in school functioning, as set out in the four predictions below.
5Figure A1 in the Online Appendix provides an illustration of this teacher selection effect. The cross-

hatched area in the top panel depicts the set of (θ, τ) types that are hired by a high management public
school, while the cross-hatched area in the bottom panel depicts the set of (θ, τ) types that are hired by a
low management public school. Note that the high management public school hires more types than the low
management public school: the cross-hatched area is larger in the top panel relative to the bottom panel. It
also hires better types: average θ and average τ , shown by the (x, y) coordinates of the black dot in the top
panel, are higher relative to the bottom panel.
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Prediction 1: Teacher shortages. The theory predicts that the probability of hiring

the teacher in a high management public school is higher than the probability of hiring the

teacher in a low management public school (via teacher selection).

Prediction 2: Teacher motivation. The theory predicts that the expected intrinsic mo-

tivation of a teacher hired to a high management public school is higher than the expected

intrinsic motivation of a teacher hired to a low management public school (via teacher selec-

tion).

Prediction 3: Teacher effort. The theory predicts that the expected effort level of a

teacher hired to a high management public school is higher than the expected effort level of

a teacher hired to a low management public school (via teacher selection and incentives).

Prediction 4: Household effort. The theory predicts that expected household effort in a

high management public school is higher than expected household effort in a low management

public school (via household incentives).

In Section 3, we use this theoretical framework to ground the development of indices of

school functioning based on public data. We will show that all these predictions have support

in the data we build, suggesting that the causal pathways from the quality of management

practices to student learning posited in the theory are empirically plausible across a wide

range of countries. While our evidence is only correlational, it provides validation for the

framework, which can be used to explore the causal impact of management practices on

school outcomes in other settings (see, e.g., Prem and Munoz, 2023).
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3 How to measure management in schools?

Until the early 2000s, management was typically viewed as an unmeasurable productivity

shifter, relegated to the residual in performance regressions (see Scur et al. (2021) for a recent

survey). In education research, elements of management were imbued in a black box of school

or principal “fixed effects”, often bundling manager and management factors.6 Over the last

two decades, there have been substantial advances in measurement of management practices

but challenges still remain. Below, we summarize existing methods and then introduce our

new approach.

3.1 Modes of data collection

Phone surveys: accurate but not scalable. The leading example is the World Manage-

ment Survey (WMS): a large, cross-country project that measures the adoption of manage-

ment best practices in multiple sectors using a detailed, but expensive, survey methodology.

It was originally developed to measure the adoption of structured management practices in

manufacturing firms (Bloom and Van Reenen, 2007) and was subsequently adapted to other

areas, including the public sector (e.g.: Bloom et al., 2015, 2019; Lemos et al., 2024; McCor-

mack et al., 2014). The rigorous data collection is based on double-blind, semi-structured

interviews conducted by highly-trained analysts and is closely monitored by supervisors.

The WMS school survey features 20 topics, covering instructional processes, use of data

in assessments, target-setting and personnel practices. For each topic, there is a scoring grid

ranging from 1 (little to no structured management) to 5 (best practice), which serves as

a guide to evaluate answers to questions during the interviews. The overall management

index, which measures the level of adoption of structured management best practices, is

simply the average of the scores for these 20 topics. The practices measured by the survey
6Böhlmark et al. (2016), for example, explore principal fixed effects, but even with their detailed Scan-

dinavian datasets the authors note that “it is difficult to determine which are the principal characteristics
that form the basis for successful school management.”
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seem to matter: Bloom et al. (2015) show that their school management score is strongly

positively correlated with school-level student outcomes across 6 countries (Brazil, Canada,

India, Sweden, UK and US). Moving from the bottom to the top quartile of management is

associated with a large increase in student learning outcomes, equivalent to approximately

0.4 standard deviations.7

One of the advantages of the WMS methodology is that an independent analyst who

interviews dozens of principals (including across countries and languages) scores the practices

for each school they interview, as well as a share of schools other analysts interview. This

consistency allows for cross-country comparability, but it comes at a high cost (approximately

USD400 per interview) and can be slow (about 4 months to conduct a single country wave).

The weaknesses are that it might not suit every context and it is inherently not scalable

(Scur et al., 2021).

Self-respondent surveys: scalable but noisier. Partially in response to this lack of

scalability, a sister project was conceived at the US Census Bureau. The agency took a set

of key practices that could be translated into a self-respondent questionnaire and created

the Management and Organizational Practices Survey (MOPS) that is now sent to over

35,000 manufacturing firms in the US (Buffington et al., 2017). The questionnaire was later

translated and applied to 14 additional countries, demonstrating that it was possible to

collect useful management practices data at scale (Scur et al., 2024). But, scale is necessary

to account for the additional noise stemming from self-responses. A further issue is that it

is not possible to objectively account for cultural biases in responses.

Our approach. We take the spirit of the MOPS exercise and explore existing datasets that

include questions with information on management practices to build management indices.
7The version for developing countries (D-WMS, from Lemos et al., 2024) has been deployed in Brazil,

Colombia, Haiti, Indonesia, Mexico, Mozambique, Ghana, Pakistan, Puerto Rico, Tanzania and Vietnam.
The core result showing a positive relationship between management and student performance is seen across
countries.
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While there are limitations (see Section 3.5), this method has the advantage of not requiring

additional resources: the dataset exists, is public, and often is continually updated by a

large agency or group. This allows researchers to build and use management indices without

large grants, contributing to accessibility and reproducibility efforts. It can also provide new

projects with ready-to-go sets of questions to measure management and existing, benchmark

data. We outline below the process we follow to classify questions as a management practice,

and how we then use the subset of questions that have topics overlapping with the World

Management Survey to benchmark the exercise. To illustrate the methodology, we use a

popular dataset in education research: OECD’s PISA.

3.2 A decision tree for identifying management practices in exist-

ing surveys

We focus primarily on the school principal questionnaire from PISA. We review each survey

question and take it to the four steps in our decision tree, whether the question: (1) is

objective; (2) asks about a process; (3) is linked to a management practice and (4) has a

WMS benchmarking equivalent. We illustrate the thought process using a question from

PISA 2012:

Example 1: “In your school, are assessments of students in <national modal

grade for 15-year-olds> used for any of the following purposes?”

(a) To inform parents about their child’s progress

(b) To make decisions about students’ retention or promotion

(c) To group students for instructional purposes

(d) To compare the school to district, state, or national performance

(e) To monitor the school’s progress from year to year
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(f) To make judgments about teachers’ effectiveness

(g) To identify aspects of instruction or the curriculum that could be improved

(h) To compare the school with other schools

– PISA 2012, Question 16 from the Principal Questionnaire

Node 1: Is the survey question objective? The first decision point is whether the

survey question, as worded, can be objective or whether it is subjective. Objective questions

ask about specific attributes, policies or processes. Subjective questions ask about sentiment,

attitudes and opinions (without a standardized objective benchmark or ‘correct’ answer).

As subjective information is hard to compare even within country or culture, we focus on

objective information for management practices. In Example 1, the question and all the

sub-options are objective — the question asks how student testing is used and for what

purposes. It is not asking the principal’s personal opinion on the use of these assessments,

and the options are specific. An example of a question that would fail this first decision

point is the first sub-option of PISA 2012, Question 30:

Example 2: “Below are statements about your management of this school. Please

indicate the frequency of the following activities and behaviours in your school

during <the last academic year>.”

(a) I pay attention to disruptive behaviour in classrooms.

– PISA 2012, Question 30(a) from the Principal Questionnaire

In the case of Example 2, the wording of option (a) is subjective because it relies on the

respondent’s understanding of “paying attention”. Some respondents might consider simply

waiting to hear about disruptive behavior as paying attention, while others might consider

daily rounds of checking into classrooms as paying attention. As such, this question cannot
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provide objective information about this particular process at a school and thus we do not

include it in our index.

Node 2: Is the survey question asking about a process? The second decision point

is whether the information can help identify a process: a process is defined as referring to a

series of actions. Specifically, we look for processes related to implementation (or adoption),

usage or monitoring of a practice. Attributes and policies, for example, are not processes.

Attributes refer to characteristics of the organization (such as school size or ownership),

while policies refer to written rules known to those concerned with the policy but do not

offer information regarding its adoption. In Example 1, the main question and all sub-options

are describing processes. An example of a question that would fail this second decision point

is the first sub-option of PISA 2012 Question 32:

Example 3: “Which of the following measures aimed at quality assurance and

improvement do you have in your school?”

(a) Written specification of the school’s curricular profile and educational goals.

– PISA 2012, Question 32(a) from the Principal Questionnaire

In the case of Example 3, the question is objective, but it is not describing a process. That

is, it notes that there is a written specification but it does not describe any implementation

or adoption processes of this directive. As such, it is providing information on a policy, not

a practice, and thus we do not include it in our index.

Node 3: Is the survey question linked to a management practice? The third

decision point is whether the objective description of a process is part of a management

practice or not. We define a management practice as a set of processes employed by managers

to lead and manage operations, people and/or resources in their organization. For example,
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pedagogical practices that are not linked directly with the organization of operations and

people, or descriptions of allocation of authority and principal autonomy are not classified

as management practices. In the case of Example 1, the question and all the sub-options

are objective processes linked to how principals use assessments to manage information flows

(i.e. sub-option a), manage students (sub-options b and c), monitor school performance and

target-setting (sub-options d, e, g), monitor staff (sub-option f) and engage in continuous

improvement (sub-option h).

In PISA 2012, most questions we identified as being objective and describing a process

were also linked to a management practice. The exception were the set of questions describing

processes of decision-making authority and school autonomy. Below is an example of a

question that we classified as a process that is not a management practice (Example 4); the

question is not asking how selection of teachers is done, but rather who has responsibility

for each process. This set of questions could be its own index of autonomy, but we do not

include them as part of the core management index.8

Example 4: “Regarding your school, who has a considerable responsibility for the

following tasks?”

(a) Selecting teachers for hire.

– PISA 2012, Question 29(a) from the Principal Questionnaire

Node 4: Does the topic addressed in the survey question have aWMS equivalent?

The final decision point (for our preferred index in this paper) is whether the topic addressed

by the question has a WMS equivalent. We include this node because, as this is a new

methodology, having a strong benchmark to ground the exploration is important. In the
8Indeed, there are autonomy questions not unlike these in the WMS and they are not part of the main

management index. More generally, it is not clear ex ante that more autonomy is always better; evidence
suggests that it depends on the context and the level of state capacity that schools operate in (e.g. Fuchs
and Wössmann, 2007; Jackson, 2025).
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case of Example 1, all sub-options except for sub-option (c) pass this decision point. Sub-

option (c) describes using student assessments for grouping students (i.e. tracking), which

the WMS does not measure or ask about. To be clear, absent the goal of benchmarking,

including such questions in a management index could be well worth doing if there are

reasons to expect the monotonicity to hold.

3.3 Building and validating a management index using PISA

We run this exercise using PISA 2012 (OECD, 2021). In total, PISA 2012 has 55 questions

that pass the first three decision points, and 49 of them have counterpart topics in the WMS

(and hence pass the fourth decision node).9 For each question, we code the responses to a

value between 0 and 1, as in the MOPS Census questionnaire, with responses closer to 0

indicating ‘less structure’ — that is, issues are dealt with in ad-hoc ways — and responses

closer to 1 indicating ‘more structure’ — that is, a set actions that are followed routinely for

specific issues. For example, Question 30 from PISA 2012 has the following options:

Example 5: “Below are statements about your management of this school. Please

indicate the frequency of the following activities and behaviors in your school

during the 2011-2012 academic year.”

(t) I review work produced by students when evaluating classroom instruction.

With the following options: (i) did not occur, (ii) 1-2 times during the year, (iii)

3-4 times during the year, (iv) once a month, (v) once a week, (vi) more than
9This also coincides with the ‘best’ year for management questions in the PISA principal survey. In

PISA 2015 and 2018 a set of important questions were moved to voluntary teacher questionnaires and, as
few countries opted to include the voluntary questionnaires, they are not broadly available. PISA 2022
has returned a few of these important questions to the principal questionnaire resulting in 33 ‘common’
questions. As such, we are able to use 2022 as an additional check on these common questions across time.
See Figure B1. Further, our index is distinct from the ‘leadership and management’ measure from 2012
PISA. The PISA-built index is based off a section of the questionnaire that was titled management and
contained only a narrow subset of questions. This PISA measure does not compare well to the (empirically
robust) management index derived from the World Management Survey see (see Liberto et al., 2015).
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once a week.

– PISA 2012, Question 30(t) from the Principal Questionnaire

In this example, we assign a score of 0 for “did not occur” responses, a score of 1 for

“more than once a week”, and an equal gradient in between: 0.2 for 1-2 times per year,

0.4 for 3-4 times per year, 0.6 for once a month and 0.8 for once a week. Of note, this

is simply measuring the level of structure (here, in terms of frequency) that this principal

has in how they conduct their classroom evaluations. The measure at this point is positive

rather than normative — whether such frequency (or, ‘higher structure’) is correlated with

student outcomes is an empirical question later tested in the validation section.

We conduct this coding exercise with every question identified as relevant via the decision

tree. We then average the scores within each of the WMS-equivalent practices. Finally,

we build our management index using the same approach as the WMS, for each country:

standardize each practice score, take the average across the topics, and then standardize

again. The reason we first aggregate questions into the WMS-equivalent practice is to avoid

over-weighting any one particular topic for which there are multiple questions measuring the

same construct in a survey. For example, if there are five questions about a performance

tracking practice our method will average them first, such that they will be weighted the

same as other practices that might have fewer questions in the survey. Robustness checks,

where we vary this and other elements of the index-building methodology are presented in

Section 3.4. First, we present two validation exercises where, in the spirit of Bloom et al.

(2015), we ask if our index is measuring anything of substance relative to outcomes that we

care about: student learning and (per our theoretical framework) school functioning.

Correlation with student performance. We start with a simple check of the raw data.

Figure 1 plots the average test scores of students, in deviations from the country-mean, for

each quartile of the new PISA management index. We find that students in schools in the
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bottom quartile of (within-country) management score are, on average, performing about 1.5

to 2.5 points lower relative to their own country mean. In contrast, students in schools in the

top quartile of (within-country) management score are, on average, performing about 1.8 to

2.5 points higher than their country’s mean. To put this into context, PISA is standardized

across years and countries such that the mean is 500 and the standard deviation is 100,

and 40 points on the PISA scale is equivalent to about one year of learning (OECD, 2019).

The range of these results mirrors how much, for example, the UK average science score

changed between 2009 and 2015 (5 points), and how much the Brazilian average science

score decreased over the same period (4 points).

To check the conditional correlation between our PISA management index and student

performance, we estimate the following regression model:

Yisc = β0 + β1 MGMTsc + SCH
′

sc β2 + STU
′

isc β3 + γc + εisc, (2)

where Yisc is a test score outcome (reading, math or science) for student i in school s and

country c in the PISA 2012 assessment. MGMTsc is the management index for school s

in country c, and γc is a country fixed effect. The row vectors SCHsc and STUisc contain

school-level and student-level controls (full list of variables reported in table notes). Standard

errors are clustered at the school level. To estimate this equation we use the OECD’s repest

Stata command, which relies on the five test score ‘plausible values’ for each student and

subject. The estimator uses OLS and a series of survey weights to obtain standard errors

that account for both sampling and measurement error.10 The parameter of interest in this

exercise is β1.

Table 1 reports the results. Column (1) shows the relationship between our management

index and reading test scores, controlling only for country fixed effects. The coefficient
10See Jerrim et al. (2017) for a thorough review of how to best use PISA scores and survey weights. Given

the complex methodology of the PISA assessment and stratification choices, it is important to use the repest
command to avoid incorrectly estimating standard errors.
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indicates that one standard deviation higher score on our management index is associated

with an increase in reading performance equivalent to about four-weeks-worth of learning.

Column (2) includes school controls, which absorb some of the variation, and suggest a

correlation that is equivalent to about 1.2 weeks of learning. Column (3) includes student

controls, which further reduces the coefficient, albeit by just half a week of learning. Columns

(4) to (9) repeat the exercise for math and science test scores and the pattern is similar.

While only correlational, these results suggest that our management index is measuring

something meaningful about the processes at these schools, echoing the findings in Bloom

et al. (2015).

Correlation with school functioning. Our theoretical framework proposes mechanisms

through which school management practices could shape student outcomes. We noted above

that, if these mechanisms are correct, we should see evidence in how schools function, specif-

ically in teacher shortages, motivation and effort, as well as household effort. As a further

validation exercise, we look to the correlation of our PISA management index with measures

of these intermediate outcomes.

We exploit another advantage of a large public dataset such as PISA, namely that it

contains additional data relating to teachers, students and parents. We construct four mea-

sures of school functioning using questions from the PISA principal survey (details on this

index construction are in the Online Appendix). We do not build a decision tree as we

did for the management index because (a) we are open to including both subjective and

objective questions, and (b) we do not have strong priors as to which questions are more or

less important. Instead, we simply include all questions that relate to each of the constructs

that we are seeking to measure. We standardize these indices within-country. We check the

conditional correlation between our PISA management index and each of these four indices

using the school-level analogue of the regression model in equation (2).

Table 2 reports the results. The dependent variable in the first two columns is the teacher
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shortage index. Column (1) includes only country fixed effects. Column (2) adds school

and school-level averages of student controls. Consistent with the theoretical prediction,

there is a negative relationship between management and teacher shortage: a one standard

deviation increase in the management index is associated with a 0.058 standard deviation

decrease in the teacher shortage index. The remaining columns repeat this exercise for

the teacher motivation, teacher effort, and household effort indices. In all columns, the

relationship between our PISA management index and our PISA index of school functioning

is significant. All partial correlations are positive, as predicted by the theoretical model.

We view these results as further evidence that our management index is able to capture

meaningful variation in processes in schools. These findings also lend support to the model

and mechanisms outlined in Section 2.

3.4 Robustness

Although our methodology is grounded in prior literature and benchmarking (e.g. Bloom

et al., 2015; Lemos et al., 2024), the process of identifying which questions in a given survey

should qualify for a management index is still fundamentally researcher-driven. To under-

stand how these choices affect the final index, we run a series of robustness checks on our

decision tree and the build process itself.

3.4.1 Impact of decision nodes

We first iterate through each decision node and drop the restriction, re-build the index

including the previously excluded questions from that node, and re-run the first validation

exercise based on equation (2) above. Although there is a strong rationale for our preferred

approach (use only questions that satisfy all four decision nodes), it is important to know if

and how deviations matter.

Table 3 reports the results. Column (1) repeats the base specification (including all con-
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trols) as a comparison. Column (2) includes questions restricted by Decision Node 4 (WMS

equivalent) to the preferred index. Column (3) includes questions restricted by Decision

Node 3 (linked to a management practice). In PISA 2012, this node only excludes questions

that measure principal autonomy across a range of processes.11 Column (4) includes ques-

tions restricted by Decision Node 2 (is it a process). In PISA 2012, this primarily excludes

questions that describe school policies, without being explicit about implementation. For all

these variants, adding each set of variables to the preferred index has a similar impact: a

slight reduction in the coefficient and the correlation remains significant.

In sum, including a larger number of more ambiguous constructs attenuates the core

relationship between management and test scores. Our recommendation is therefore to follow

the decision tree proposed in this paper. Researchers may wish to explore the relationship

between these additional constructs and student outcomes in future work.

3.4.2 Alternative index-building methods

Since our goal was to benchmark against the existing ‘state of the art’, we followed the spirit

of the WMS index-building method. For robustness, we verify whether our index and core

relationships are robust to three alternative index-building methods: averaging across all

questions without bundling into practices first; aggregating into the first latent factor using

Principal Component Analysis; and constructing the Anderson (2008) index. Results are

reported in Columns (5) to (7) in Table 3. The general patterns are similar using these

different index-building methods, suggesting the underlying construct we are measuring is

picked up by indices independently of how they are built.
11This is the case in PISA 2012, but other surveys may include types of questions that are objective and

are processes (nodes 1 and 2) but not linked to a management practice (say, pedagogical practices, as noted
in the discussion above). As such, the node should not be interpreted as only referring to the exclusion of
autonomy-related questions.
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3.4.3 Individual topics: leave-one-out exercise

Starting from our preferred index building method, we probe whether one question or set of

questions could be the primary driver of the variation in the index. Here, we exclude one

practice at a time, re-build the index and run the main validation student outcome regressions

(as per the specifications in Columns 3, 6 and 9 of Table 1). We find that ‘leaving-one-out’

changes the coefficient and significance level slightly, though it is mostly a minor impact.

This suggests the core relationship is not driven by any one single practice. The vast majority

of coefficients remained within a 5 percent significance level, and all remained within the 10

percent significance level. Figure B2 in the Online Appendix reports the distribution of the

estimated coefficients on the management index for each of the indices with one question

‘left out’.

3.4.4 Data-driven index-building: exploratory factor analysis

An alternative to choosing questions via our decision tree is to take a data-driven approach

such as exploratory factor analysis — a method commonly used to identify ‘latent constructs’

(i.e. factors) that explain the patterns of correlations among a set of variables, without

imposing any pre-specified structure. We input variables constructed from all PISA questions

that were not characteristics (i.e. number of students, location, etc) or intermediate outcomes

(teacher motivation, etc) into the model. For PISA 2012, the set of variables thus includes

all variables we had identified as management, as well as the autonomy and policy variables.

The model returns six factors across all countries that capture over 70 percent of the shared

variance. We then predict six factors within each country dataset and correlate each factor

with student test scores.12

Table 4 reports the results.13 The first and second latent factors are significantly cor-
12Five countries (Argentina, Germany, Hong Kong, New Zealand and Singapore) had a large number of

missing values in the autonomy questions. We excluded the autonomy set from the factor estimations for
these countries.

13The number of observations is smaller than in our preferred specifications because there are more missing
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related with test scores, though one is positively and one is negatively correlated. The

remaining factors are not significantly correlated with outcomes. Labeling these factors is

not straightforward: the first likely reflects a latent factor of ‘general good management’,

similar to the factor analysis results using the World Management Survey data, as the ma-

jority of variables load positively on this factor (c.f. Scur et al., 2021). The interpretation

for the second factor is less clear, though it seems to load mostly negatively on the manage-

ment variables, mixed on autonomy and mostly positively on policy variables. Beyond these

two factors, variables load positively and negatively without following a discernible pattern.

Indeed, when we correlate each of the first six factor indices with our preferred index there

is a positive yet noisy correlation between estimated Factor 1 and our preferred index, but

no correlation whatsoever with any of the other factors (Figure B3).

This exercise highlights the benefit of our literature-driven mode of variable selection.

Focusing directly on the variables that should (based on prior work) matter yields a stronger

and more precise metric. Our decision tree is also more transparent and enables users to

understand what goes in and (hence) interpret what comes out.

3.4.5 Extension to other datasets: Prova Brasil example

Our methodology can be used to build management indices based on numerous other surveys.

Many countries conduct national school surveys alongside administration of standardized

tests. Latin America, for example, is particularly prolific: Brazil’s Prova Brasil, Colombia’s

SABER, Chile’s SIMCE, and Peru’s ECE are all available to researchers to conduct a similar

exercise to the one detailed here.14 To illustrate, we apply our methodology to Prova Brasil.15

The patterns of the core relationship between management and student performance are
values in the autonomy and policy set of questions.

14Relatedly, researchers could use our methodology to select existing questions to add to their own survey
instruments (c.f. Crawfurd et al., 2024).

15We chose Prova Brasil for three reasons: first, it includes school identifiers that we can match to schools
in the 2013 WMS sample (thereby allowing for an additional validation exercise); second, it can be combined
with other rich datasets in Brazil to approach myriad research questions; and third, we use this index in an
example application in Section 4.
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strikingly similar to those we found using PISA data. We also find a positive correlation

between the management indices from Prova Brasil and the WMS scores for the same school

(Table B1 and Figure B4, respectively). We include the details of this exercise in the Online

Appendix for interested readers.

3.5 Limitations of our measurement approach

We have argued that our measurement approach using public data allows researchers to build

and use management indices quickly and without large grants. We conclude this section with

a discussion of limitations, and the steps that can be taken to address them.

Issues with self-reported data. One concern with self-reported data is measurement

equivalence. To address potential measurement error driven by cross-cultural understandings

and norms in answering questions, we standardize our PISA-based management index within

countries. This has an important implication: since all 65 countries have a mean score of

zero, our index cannot be used to construct cross-country rankings of school management.

Instead, the value of our PISA-based index lies in enabling academics and practitioners to

study the (within-country) relationship between management and other variables for a far

wider set of countries than was previously possible. This issue of cross-cultural norms is less

of a concern for national datasets (as is the case for our Prova Brasil-based index).

Another concern with self-reported data is that it is difficult to assess whether respondents

are being accurate and truthful. The WMS methodology includes strategies to elicit truthful

information during the interview (such as always asking open-ended questions and asking for

examples), but these are not available in self-reported questionnaires. We partially address

this issue by focusing on objective questions and, in this first ‘proof of concept’, also on the

topics that have a direct equivalent in the WMS to allow for benchmarking.
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Issues with question wording and permanence. While public datasets provided by

national or international organizations are free, they are also entirely governed by those

institutions. This means that the wording of questions can (and often does) change between

waves, or questions are dropped/re-instated as the organization sees fit. This can create

issues for longitudinal analysis or if researchers need a specific year that does not have

enough relevant questions. The issue of missing questions is more conceptual: ultimately

the index will be a measure of the available information, and if there are fewer questions

available the measure will be based on a narrower set of information. Whether it is enough to

proxy for the construct that the researcher is looking to measure is an individual conceptual

decision, and to some extent an empirical question.

Issues with missing values. A benefit of large public datasets is that they often have

a wealth of additional data beyond the narrow scope of a researcher-specific field survey.

However, sometimes these large datasets also have many missing values. There are a number

of standard methods for handling missing data; our preferred method when missing data

is in the set of control variables is to impute a value outside the support of the variable

distribution (the number 99 or -99 is a common choice) and include a dummy variable that

identifies the values which were imputed. This is done only with control variables; when

data is missing for critical variables (say, outcome variables or key explanatory variables),

we drop the observation.16

4 Application: unpacking turnover and test scores

So far, we have emphasized that management practices matter for organizational perfor-

mance. Yet practices are (at the outset) implemented by people and it is well known that

people matter too. To cite one particularly well-identified example, Huber et al. (2021) show
16We choose this simplest of methods because implementing alternative methods such as multiple impu-

tation with datasets that have potentially many different survey weights becomes impractical.
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that firms in Germany incurred significant losses when Jewish managers were forced out as

a result of rising discrimination in Nazi Germany. A similar relationship can be found in

schools: as we document below, there is a negative relationship between principal turnover

and student performance in schools in Brazil.

It is natural to question why turnover matters. One possibility is that a new principal,

deliberately or otherwise, de-stabilizes existing school management structures. Another is

that turnover mechanically changes at least some principal characteristics — gender, age,

experience, educational background — and these impact performance above and beyond

management. Armed with our new measurement approach, it is straightforward to explore

these issues. We do so in two stages. First, in Section 4.1 we use a regression discontinuity

design (RDD) to test whether an exogenous ‘turnover shock’ changes school management

practices. This is a key step in the causal chain illustrated in Figure 2, and evidence from a

clean identification strategy is informative. Then, in Section 4.2, we expand beyond the RDD

sample and use mediation analysis to quantify the importance of the two channels shown in

Figure 2 — management versus managers — in mediating the relationship between turnover

and test scores. Here, we follow the approach of Acharya et al. (2016), noting the necessary

identifying assumptions as we go.

4.1 A turnover shock and school management

Akhtari et al. (2022) study mayoral elections in 2008 and 2012 in Brazil and find that

when cities get a new government following close elections there is an “upheaval” in the

municipal bureaucracy, including school principals. They note that there is an “increase in

the replacement rate of personnel in schools controlled by the municipal government” and

that this is accompanied by “test scores that are 0.05 to 0.08 standard deviations lower.

In contrast, turnover of the mayor’s party does not impact local (non-municipal) schools.”

They argue that changes in political leadership trigger changes in school personnel (both
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school principals and teachers) which, in turn, negatively affect test scores. We use the same

turnover shock but instead examine the impact on school management practices.

We merge our Prova Brasil management index into the replication dataset (Moreira et al.,

2021) and begin by reproducing the key Akhtari et al. (2022) results. To do so, we run their

RD model and reproduce their RD graphs. This model is:

Ysmt+1 =β0 + β1 1{IV oteMmt < 0}+ β2 IV oteMmt

+ β3 1{IV oteMmt < 0} × IV oteMmt +X
′

smt β4 + εsmt, (3)

where Ysmt+1 is the school-level average test score for school s in municipality m constructed

using the Prova Brasil survey wave from one year after the election at time t. The running

variable is the incumbent vote margin, IV oteMmt, defined as the vote share of the incumbent

political party minus the vote share of the incumbent party’s strongest opponent. The

treatment variable is 1{IV oteMmt < 0}, which takes the value one if the incumbent political

party lost the election and zero if it won. The vector Xsmt is a set of controls that includes

the baseline test score prior to the election, school-level characteristics, and an election-cycle

dummy. Standard errors are clustered at the municipality level.

For ease of exposition, we focus on the RD graphs, noting the RD estimate (and associated

p-value) from estimation of equation (3) within the figure. The top two panels in Figure 3

compare student test scores in municipalities where the incumbent mayor narrowly won

with student test scores in municipalities where the incumbent mayor narrowly lost, under

the assumption that turnover in political party is as good as random in these close-election

municipalities.17 Panel (a) shows the main result on student test scores, and Panel (b) shows

the placebo test for non-municipal schools.

Having replicated the Akhtari et al. (2022) results, we re-estimate equation (3) with
17Akhtari et al. (2022) find empirical support for this key identification assumption. We do not replicate

all aspects of their work here.
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Ysmt+1 defined as the Prova Brasil management index from one year after the election at

time t. All other variables remain the same, except that we control for the baseline school

management score in place of the baseline school-level test score. The bottom two panels of

Figure 3 report the RD graphs, and we include the regression tables in the Online Appendix

(Table B3). Panel (c) shows a clear discontinuity in management scores in municipal schools:

the management index is lower in municipalities where the incumbent mayor narrowly loses

an election (right side of the graph) than in municipalities where the incumbent mayor

narrowly wins (left side of the graph). Panel (d) shows that this discontinuity is not present

in non-municipal schools — an important placebo test since these schools would not have

been subject to upheaval associated with political turnover at the municipal level.

To probe the premise in Akhtari et al. (2022) that political turnover triggered changes

in school personnel, we split the sample by whether schools had, or had not, recently ex-

perienced a change in principal. Figure 4 shows evidence of a discontinuity in management

scores in schools when there had recently been principal turnover but no evidence of a dis-

continuity when there had not (compare Panel a and b). Since this sub-sample approach

departs from the clean quasi-experiment, we turn to a particular institutional arrangement

for an additional test. Brazilian municipalities differ in that some have politically appointed

public school staff while others fill these positions via civil service selection exams. Since the

latter group are plausibly less susceptible to political upheaval, this offers a relatively more

exogenous source of variation in principal turnover. The discontinuity in school management

scores is present in the group of municipalities with an appointed structure (Panel c), but

not in those where principals are civil servants (Panel d).

In summary, we have found evidence that an exogenous turnover shock changes school

management practices. By splitting the RD sample, we have also found suggestive evidence

that this operates via a change in school leadership, as hypothesized in the first horizontal

arrow in Figure 2. Below, we explore the relative importance of this management practice
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channel, versus principal characteristics, in explaining why turnover matters for test scores.

4.2 Managers or management?

We begin by examining the correlation between school principal turnover and student test

scores in our Prova Brasil data. To do so, we estimate the following regression model:

Yisr = β0 + β1 Tsr +X
′

sr β2 + γr + εisr, (4)

where Yisr is a test score outcome (averaged over math and portuguese) for student i in

school s and region r in the Prova Brasil 2013 assessment.18 The turnover variable, Tsr,

is an indicator that takes the value one if the principal in school s was appointed in the

previous two years and zero otherwise.19 The vector Xsr includes school-level controls that

are pre-treatment (determined prior to 2011), and γr is a region fixed effect. Standard errors

are clustered at the school level. Our estimate of β1 is reported in the first column of Table 5,

and is negative: the partial effect of principal turnover is −0.06 SD of student learning.

Our aim is to quantify the importance of management practices versus principal char-

acteristics, as measured in 2013, in mediating this relationship between turnover and test

scores. Since both variables are post-treatment, adding them to equation (4) can introduce

bias and is ill-advised (see e.g. Rosenbaum, 1984). Instead, we follow Acharya et al. (2016)

and seek to estimate the Average Controlled Direct Effect (ACDE). This is the effect of

changing the turnover variable while fixing the value of the mediator(s) at the same level for

all units, averaged over all these units. By comparing our estimate of the ACDE with our

estimate of β1 from equation (4) we can gauge the importance of the mediator as a causal

mechanism for the impact of turnover on test scores.20

18Throughout this section, we focus on a single wave for transparency in determining pre- and post-
treatment variables. Results for Prova Brasil 2011 and 2015 are provided in the Online Appendix.

19We follow the mediation literature in referring to the variable whose effects we wish to unpack as the
‘treatment.’ This is not meant to imply a belief that turnover was randomly assigned.

20Formally, the difference in these coefficients is the sum of two terms: (i) the average natural indirect
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The first step in this approach is to estimate the effect of the proposed mediator(s) on

the test score outcome using the following model:

Yisr = α0 + α1 Tsr +M
′

sr α2 +X
′

sr α3 + Z
′

isr α4 + µr + εisr, (5)

where Yisr and Tsr are defined above, and ur is a region fixed effect. The vectorMsr contains

the proposed mediators. Depending on the specification, Msr is either the 2013 Prova Brasil

management score, or a set of principal characteristics as of 2013, or both. To justify the nec-

essary identifying assumption (discussed below), we condition on pre-treatment school-level

controls Xsr and a vector of intermediate confounders Zisr. The latter vector includes a rich

set of variables, measured in 2013, that could have been impacted by principal turnover and

that may also be correlated with both the mediator and the test score outcome. The second

step is to demediate the test score outcome: Ỹisr = Yisr − α̂2Msr, where α̂2 is from equation

(5). We then regress Ỹisr on Tsr, Xsr, Zisr and µr. The coefficient on the turnover indicator

in this regression is our estimate of the ACDE. Standard errors are from nonparametric

bootstrap (with 1000 repetitions) to account for the first stage estimation.

This two-step procedure for estimation of the ACDE needs two identifying assumptions:

(1) sequential unconfoundedness, and (2) no intermediate interactions. The former requires

that the relevant assumptions (no omitted variables) hold to enable estimation of the effect of

turnover on test scores and, separately, the effect of the mediator(s) on test scores, conditional

on Tsr, Xsr , and Zisr. We include a wealth of variables in Xsr and Zisr which makes this

plausible but it is, ultimately, still an assumption. No intermediate interactions requires

that the effect of the mediator on the test score outcome is independent of the intermediate

confounders in Zisr. As Acharya et al. (2016) note, this is similar to omitting an interaction

term from a regression model; if it fails, estimates will be weighted averages of ACDEs within

effect (the effect of turnover on test scores operating only through the mediator) and (ii) an interaction effect
that captures how the mediator influences the direct effect of treatment.
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levels of the intermediate confounders.

The results of this exercise are reported in Table 5. Each of columns (2) to (4) fixes

a different set of mediators.21 Figure 5 shows the coefficients and 95 percent confidence

intervals graphically. The first row reports the original ‘treatment’ effect of school principal

turnover on student test scores (average of math and portuguese) in the Prova Brasil 2013

assessment. The next row reports the ACDE of principal turnover, fixing school management

score as a mediator. We see that management accounts for 22 percent of the original effect.22

The following row reports the ACDE of principal turnover, fixing principal characteristics as

mediators. This set of mediators accounts for 4 percent of the original effect. The final row

combines all mediators and shows that together they account for 26 percent of the original

effect. The results in the Online Appendix, for the 2011 and 2015 Prova Brasil survey waves,

echo this finding. In all three years, management and (to a lesser extent) managers are

important mediators of the negative relationship between turnover and test scores, although

a sizeable direct effect (the dashed arrow in Figure 2) always remains.

Our measurement approach has enabled us to make progress exploring why turnover

matters for test scores. The conclusion that we draw from our different empirical analyses is

that turnover matters, at least in part, through a de-stabilizing effect that reduces the quality

of school management practices which, in turn, lowers student test scores. The framework of

Section 2, which is supported by the data, suggests mechanisms for this management effect

that operate via selection and incentives of the actors within the school.23

21Potential mediating variables that are not included in Msr in a given specification are instead included
in Zisr. This is particularly important for principal characteristics because, as Figure 2 hypothesizes, these
variables could impact both management practices and student test sores.

22We have performed a sensitivity analysis (with management score as the sole mediator) to explore the
implications of the sequential unconfoundedness assumption, applying the method in Acharya et al. (2016).
In the most plausible case of unobserved confounders that are positively correlated with both management
and test scores, our estimate of the ACDE is biased downwards, meaning that we would understate the
mediating role of management.

23In Section 3, we noted that Table 2 (using PISA data) supports the four predictions from the theory.
Table B2 in the Online Appendix presents very similar results using data from Prova Brasil.
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5 Conclusion

Policy makers have begun to set ambitious, universal learning goals. To achieve these targets

it will be necessary to understand why — within and across current education systems —

some students are learning more in some schools than others. Although there are likely many

factors at work, an important part of this variation in learning stems from the management

of schools. To explore this issue, researchers and practitioners need to be able to measure

school management accurately and cost-effectively at scale across schools and countries, and

be in a position to postulate mechanisms behind any observed relationship between school

management and student learning.

This paper responds to these challenges and makes three distinct contributions. The first

is the development of a new approach to measurement at scale using existing public data

sources. Both of our new school management indices (PISA and Prova Brasil) confirm the

strong positive correlation of school management scores with school-level student outcomes

first reported in Bloom et al. (2015). The second contribution is a theoretical framework

that proposes potential channels through which management structures could impact stu-

dent learning: selection and incentives of the actors within the school. We find empirical

evidence to support these mechanisms in both the PISA and Prova Brasil data. The third

contribution, where we apply our new measurement approach and the theoretical framework,

is to unpack the negative relationship between managerial turnover and organizational per-

formance (Akhtari et al., 2022; Huber et al., 2021, and Table 5).

An important implication of our results is that both people and practices matter for

school performance. If researchers look only at the effect of principal-specific attributes, the

estimated relationship is likely to bundle both the principal’s managerial prowess (leadership,

charisma, etc.) as well as the practices that they implement in their school. Our evidence

suggests that un-bundling these is important, as both contribute to student performance, but

management practices could be relatively more actionable as a policy lever. Charisma and
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leadership may be difficult to instill but recent research suggests it can be effective to teach

managers how to adopt better practice (e.g. Anand et al., 2023; Beg et al., 2023; Bloom

et al., 2013; Roland G. Fryer, 2017).
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Data Availability
The data and code used in this article are publicly available, though some of the datasets
are made available by request. Code replicating all tables, figures, and numbers reported in
the paper can be found in Scur and Macedo Dias (2026) in JPE Micro’s Harvard Dataverse,
https://doi.org/10.7910/DVN/EKP7B3. The replication archive includes copies of OECD’s
PISA (2012 and 2022) (OECD, 2021). The Brazilian Prova Brasil/Saeb microdata (2005–
2017), Censo Escolar microdata (2005–2017) from INEP (INEP, 2017, 2021) and the Prova
Brasil–World Management Survey linked data provided on request by the WMS team (WMS,
2021). The replication file of Akhtari et al. (2022) is available at the source’s replication link
Moreira et al. (2021). Source URLs, licenses, and dataset citations are documented in the
README and in the replication_files.xlsx workbook included with the replication
package.
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Figures and Tables

Figure 1: Index validation: management and student performance

Note: Data are from PISA 2012, covering 15,192 schools across 65 countries. Each cluster of three bars
shows, for one quartile of the within-country PISA management index, the mean test score in math,
reading, and science, expressed as a deviation from that country’s subject-specific mean. Bar fills are
solid black (math), diagonal-hatched (reading), and white with thick black border (science); labels above
each bar give the underlying point estimate. The management index is standardized within country,
and quartile cutpoints are constructed within country. Student test scores are estimated using the five
plausible values and aggregated to the school level using PISA’s senate weights.
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Figure 2: Principal turnover and test scores, stylized causal chain

school principal turnover mgmt practices test scores

principal characteristics
Note: This graph shows a stylized representation of the hypothesized causal pathways from a change
in school principal to student test scores. Solid arrows mark the two mediated channels examined in
the empirical analysis: an indirect effect through changes in management practices (principal turnover
→ management practices → test scores) and an indirect effect through changes in observable principal
characteristics (principal turnover → principal characteristics → test scores), as well as the link from
principal characteristics to management practices. The dashed arrow represents the residual direct effect
of principal turnover on test scores that operates through neither of the two measured mediators. The
mediation analysis in Section 4.2 estimates the share of the overall partial effect of turnover on test scores
accounted for by each mediator.
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Figure 3: Political turnover, test scores, and school management

(a) Test Scores: municipal (treated) schools
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(b) Test Scores: non-municipal (placebo) schools
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(c) Management: municipal (treated) schools
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(d) Mgmt: non-municipal (placebo) schools

���

���

�

��

��

��

.
BO
BH
FN

FO
U�*
OE
FY

����������������
*ODVNCFOU�7PUF�.BSHJO

3%�&TUJNBUF���������<�����>

Note: Panel (a) replicates Akhtari et al. (2022) using the replication files publicly provided by the authors.
It shows the average of individual-level test scores by bins of IV oteMmt in municipal schools, pooling
students from grade 5 and grade 9 and controlling for the average, school-level test scores for the respective
grade at baseline. Municipalities with IV oteMmt < 0 experienced a change in the political party of the
mayor. Municipalities with IV oteMmt > 0 did not experience a change in the political party of the
mayor. Note that values to the right side of the zero are negative (political turnover), while values on the
left side are positive (no political turnover). Selected bandwidth follows Calonico et al. (2017). Panel (c)
repeats the analysis but with the average standardized management score in municipal schools by bins
of IV oteMmt as the outcome variable, controlling for the standardized management score in the baseline
year (year before the election). Panels (b) and (d) repeat the analysis for for non-municipal schools (a
placebo test).
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Figure 4: Political turnover, principal turnover, and school management

(a) New principal
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(b) No principal turnover
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(c) Principals are politically appointed
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(d) Principals are civil servants
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Note: See note to Figure 3 for details on the methodology. All panels use the average standardized
management score as the outcome variable, controlling for the standardized management score in the
baseline year (year before the election). The top two panels split the sample using a question from the
Prova Brasil school principal survey asking whether the principal is newly appointed (within the last
two years). Panel (a) includes schools where there is a new principal, and Panel (b) includes schools
where the principal has not changed in the last two years. The bottom two panels split the sample by
the system of political appointment for school principals in each municipality. Panel (c) includes schools
where principals are political appointees, and Panel (d) includes schools where school principals are civil
servants.
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Figure 5: Mediation analysis: principal turnover
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Note: Data from Prova Brasil. The top coefficient shows the original ‘treatment’ effect of school principal
turnover on student test scores (in the Prova Brasil 2013 assessment). This coefficient and its 95 percent
confidence interval are obtained from estimating equation (4). The second coefficient is the Average
Controlled Direct Effect (ACDE) of turnover on test scores. The portion in brackets is the percent drop
in the estimated treatment effect when school management score is fixed; it captures the share of the
overall treatment effect on test scores attributable to this mediator. The third coefficient is the ACDE
using a set of principal characteristics (binary indicators for gender, age over 50 years, experience over 15
years, wage over 7 times the minimum, and only one job, plus a set of education dummies) as mediators.
The fourth coefficient combines all mediators. We estimate the ACDE using the techniques described in
Acharya et al. (2016).
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Table 1: Index validation: management and student performance

Reading PISA Points Math PISA Points Science PISA Points
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Management Index 3.526*** 2.399** 2.224*** 3.015*** 2.110** 1.857** 2.761*** 1.950* 1.749**
(1.018) (0.987) (0.814) (0.993) (1.010) (0.806) (1.001) (1.023) (0.815)

R-Squared 0.243 0.290 0.423 0.307 0.342 0.450 0.299 0.330 0.430

# Students 410,732 410,732 410,732 410,732 410,732 410,732 410,732 410,732 410,732
# Schools 15,192 15,192 15,192 15,192 15,192 15,192 15,192 15,192 15,192

Mfx (in months of learning) 1.06 0.72 0.67 0.90 0.63 0.56 0.83 0.58 0.52
Controls
Country FE Y Y Y Y Y Y Y Y Y
School Y Y Y Y Y Y
Student Y Y Y

Note: Data from PISA 2012. Standard errors in parentheses. ∗∗∗, ∗∗ and ∗ denote significance at the 1, 5 and 10 percent levels, respectively.
OLS regressions were run with the student-level PISA dataset using the OECD’s repest Stata command. Standard errors are clustered at the
school level and use all 5 plausible values for each subject and student final weights. Main independent variable is the constructed management
index standardized using the overall distribution. All specifications include country fixed effects. School controls: school location (set of
dummies for village, small town, town, city, and large city), student-teacher ratio, log of the number of students, ratio of computers connected
to the web as a proxy for school resources, and share of government funding relative to total school funding. Student controls: gender, grade
compared to modal grade of students taking the PISA exam in the country, an index of economic, social, and cultural status, and immigration
status (set of dummies for native, first generation, and second generation). For control variables, missing variables are replaced with a value
of -99 and we include an indicator variable with a value of 1 for each imputed value.
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Table 2: Index validation: management and school functioning

Outcome variable: Teacher shortage Teacher motivation Teacher effort Household effort
(1) (2) (3) (4) (5) (6) (7) (8)

Management Index -0.058** -0.058*** 0.303*** 0.320*** 0.047* 0.069*** 0.260*** 0.287***
(0.023) (0.022) (0.027) (0.026) (0.025) (0.024) (0.031) (0.029)

R-Squared 0.030 0.049 0.088 0.119 0.008 0.046 0.078 0.155

# Schools 12,144 12,144 12,144 12,144 12,144 12,144 12,144 12,144
Controls
Country FE Y Y Y Y Y Y Y Y
School Y Y Y Y
Student Y Y Y Y

Note: Data from PISA 2012. Standard errors in parentheses. ∗∗∗, ∗∗ and ∗ denote significance at the 1, 5 and 10 percent levels, respectively.
The table reports coefficients from school-level regressions of the constructed management index standardized using the overall distribution on
each of the standardized indices of school functioning. All specifications include PISA school final weights and country fixed effects. School
controls: school location (set of dummies for village, small town, town, city, and large city), student-teacher ratio, log of the number of
students, ratio of computers connected to the web as a proxy for school resources, and share of government funding relative to total school
funding. Student controls: gender, grade compared to modal grade of students taking the PISA exam in the country, an index of economic,
social, and cultural status, and immigration status (set of dummies for native, first generation, and second generation). For control variables,
missing variables are replaced with a value of -99 and we include an indicator variable with a value of 1 for each imputed value.
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Table 3: Index robustness: decision nodes and index method

Decision Nodes Index Method
(1) (2) (4) (3) (5) (6) (7)

Panel A: Reading
Management Index 2.224*** 1.869** 2.143*** 1.807** 1.968*** 1.952** 2.299**

(0.814) (0.808) (0.823) (0.774) (0.762) (0.793) (0.919)
R-Squared 0.423 0.423 0.420 0.408 0.423 0.422 0.423

Panel B: Math
Management Index 1.857** 1.478* 2.016** 1.610** 1.402* 1.468* 2.158**

(0.806) (0.794) (0.821) (0.819) (0.775) (0.768) (0.944)
R-Squared 0.450 0.449 0.444 0.439 0.450 0.449 0.450

Panel C: Science
Management Index 1.749** 1.377* 1.641** 1.454* 1.513** 1.383* 1.946**

(0.815) (0.800) (0.836) (0.803) (0.763) (0.767) (0.923)
R-Squared 0.430 0.430 0.428 0.416 0.430 0.429 0.431

# Students 410,732 410,200 391,999 388,701 410,732 408,528 410,200
# Schools 15,192 15,176 14,526 14,342 15,192 15,119 15,176
Controls
Country FE Y Y Y Y Y Y Y
School Y Y Y Y Y Y Y
Student Y Y Y Y Y Y Y

Index Core mgmt + mgmt broad + autonomy + policy Core mgmt Core mgmt Core mgmt
Nodes included all 1,2,3 1,2,4 1,3,4 all all all
Method Avg Practice Avg Practice Avg Practice Avg Practice Avg Questions PCA Anderson (2008)

Note: Data from PISA 2012. Standard errors clustered at the school level in parentheses; ∗∗∗, ∗∗, and ∗ denote significance at the 1, 5, and
10 percent levels. Each cell reports the coefficient on the management index from a separate regression run with the OECD’s repest Stata
command, which uses the five plausible test-score values for reading (Panel A), math (Panel B), and science (Panel C). All columns include
country fixed effects and the school- and student-level controls listed in the note to Table 1. The first four columns vary the set of survey
questions used to build the index: Column (1) is the preferred index (all four decision nodes applied); Column (2) adds back the questions
excluded only by Node 4 (no WMS equivalent); Column (3) adds back the questions excluded by Node 3 (autonomy items not classified as
management practices); and Column (4) adds back the questions excluded by Node 2 (school policies that do not describe a process). The
last three columns hold the question set fixed at Column (1) but vary the index-construction method: Column (5) is a simple average across
all questions (no aggregation into WMS-equivalent practices); Column (6) uses the first principal component; Column (7) uses the Anderson
(2008) inverse-covariance-weighted index.
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Table 4: Index robustness: exploratory factor analysis

(1) (2) (3) (4) (5) (6)

Panel A: Reading
Factor Index 0.727*** -1.048*** 0.256 0.611 -0.465 -0.872

(0.272) (0.369) (0.373) (0.486) (0.507) (0.557)

R-Squared 0.416 0.416 0.415 0.415 0.415 0.416

Panel B: Math
Factor Index 0.717*** -1.017*** 0.108 0.781 -0.472 -0.778

(0.245) (0.359) (0.432) (0.493) (0.519) (0.527)

R-Squared 0.448 0.448 0.447 0.447 0.447 0.447

Panel C: Science
Factor Index 0.642** -0.986*** 0.079 0.631 -0.215 -0.670

(0.258) (0.340) (0.391) (0.509) (0.505) (0.534)

R-Squared 0.425 0.425 0.424 0.425 0.424 0.425

# Students 290,178 290,178 290,178 290,178 290,178 290,178
# Schools 10,663 10,663 10,663 10,663 10,663 10,663

Latent factor 1 2 3 4 5 6
Controls
Country FE Y Y Y Y Y Y
School Y Y Y Y Y Y
Student Y Y Y Y Y Y

Note: Data from PISA 2012. Standard errors clustered at the school level in parentheses; ∗∗∗, ∗∗, and ∗
denote significance at the 1, 5, and 10 percent levels. Each cell reports the coefficient on the indicated
factor from a separate regression run with the OECD’s repest Stata command, which uses the five plau-
sible test-score values for reading (Panel A), math (Panel B), and science (Panel C). All columns include
country fixed effects and the school- and student-level controls listed in the note to Table 1. The factor
index in each column corresponds to one of the six latent factors extracted from an exploratory factor
analysis (EFA) that takes as input all PISA principal-questionnaire items not classified as characteristics
or intermediate outcomes (i.e. the questions identified as management, autonomy, or policy variables
in the decision tree). The six factors jointly account for over 70 percent of the shared variance across
countries. Sample sizes are smaller than in the preferred specification because EFA drops observations
with missing values on any input item.
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Table 5: Mediation analysis: Principal turnover and student test scores

Original outcome De-mediated outcome
(1) (2) (3) (4)

Treatment variable
New Principal = 1 -0.063*** -0.049*** -0.061*** -0.047***

(0.004) (0.004) (0.004) (0.006)
Pre-treatment variables
Urban = 1 Y Y Y Y
Education spending (2011) Y Y Y Y
Financial controls (2011) Y Y Y Y
School characteristics (2011) Y Y Y Y

# Students 3,668,446 3,668,446 3,668,446 3,668,446
# Schools 47,878 47,878 47,878 47,878
Variables used in first state of mediation analysis

Mediators
Management score Y Y
Principal characteristics Y Y

Post-treatment controls
Education spending (2013) Y Y Y
Financial controls (2013) Y Y Y
School characteristics (2013) Y Y Y

Note: Standard errors in parentheses. ∗∗∗ denotes significance at the 1 percent level. Column (1) reports
results from the student-level specification in equation (4). The outcome variable is student test score
(averaged over math and portuguese) in the 2013 Prova Brasil assessment. The treatment variable is
an indicator that takes the value 1 if the school prinicpal is new, having been appointed between 2011
and 2013, and 0 otherwise. Pre-treatment variables: indicator for school location; total spent on
education by the municipal government in the school’s municipality in 2011; a set of indicators for the
school’s receipt of financial transfers in 2011 from each of the federal, state and municipal government; and
school characteristics in 2011 (student-teacher ratio, log of the number of students, indicators for whether
the school has a computer lab and internet access, and an infrastructure index). Columns (2) to (4) report
results from the mediation analysis. The first stage estimates equation (5) iterating over different sets of
mediators. Column (2) uses the 2013 Prova Brasil management index as a mediator. Column (3) uses a
set of 2013 principal characteristics (binary indicators for gender, age over 50 years, experience over 15
years, wage over 7 times the minimum, and only one job, plus a set of education dummies) as mediators.
In both columns, the variable that is not used as a mediator is instead included as a post-treatment
control. Column (4) uses all mediators. In all three columns, post-treatment variables are: education
spending, financial controls and school characteristics as of 2013, plus teacher characteristics in 2013
aggregated to school-level (gender, ethnicity, education, tenure) and student characteristics in 2013 (age,
gender, socio-economic status, ethnicity, work status, parental literacy). The columns report results from
regressing the demediated outcome on the treatment variable and the same set of controls used in column
(1). The coefficient on the treatment variable can be interpreted as the Average Controlled Direct Effect
of turnover on test scores (Acharya et al., 2016).
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