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Abstract

The school superintendent is the highest-ranking executive in U.S. school districts, respon-

sible for managing personnel decisions and overseeing regular school operations. To estimate

the causal effect of superintendents on district performance, I collect data on the tenures of over

18,000 school superintendents covering over half of American public school children using a

model of test score value-added that allows a superintendent’s effect to emerge over the course

of their tenure within a district. Superintendent transitions between districts are leveraged to

validate these estimates and to identify common practices of effective superintendents. I show

that superintendents have large effects on school district performance, accounting for one-

fourth of the observed differences in learning rates across districts. Top management matters

most in districts where managerial flexibility is ex-ante largest: smaller districts and districts

with weaker teachers unions. Effective superintendents do not change levels of district spend-

ing or staffing but instead make changes in school operations, increasing teacher turnover and

reducing teacher absences. Finally, I find evidence that the link between value-added and

salary for superintendents is strongest in districts with higher levels of local interdistrict com-

petition.
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Top management is a crucial input in production. While survey evidence indicates that better-

managed firms are more productive and better-managed schools have higher levels of student

achievement, causal evidence supporting these relationships is scarce.1 The limited causal evi-

dence we have from field experiments does not explain how and why good management arises

in practice, and to what degree observed differences in productivity are a consequence of differ-

ences in management quality. This paper examines the role of school superintendents, the top

management at the school district level in U.S. K-12 education.

There are a number of reasons why school management matters. First, effective schools have

long-run benefits. Across historical and contemporary settings, measures of school quality bear

strong relationships with measures of well-being later in life.2 Second, government spending on

public education is massive: in the US, governments spend over $700 billion on K-12 education,

accounting for over 3.5 percent of GDP. To the degree that management is technological in nature

(Bloom et al. (2016)), better management can enhance the productivity of these inputs. Finally,

several features of the public education system suggest that good management may not arise au-

tomatically. Relative to institutions in the private sector, public schools may face less competitive

pressure (Brueckner and Neumark (2014) and Diamond (2017)) or have special interest groups

(Hoxby (1996)) that constrain their capacity for productivity-increasing reforms.

However, estimating the causal effects of management is difficult. To date, most evidence is

cross-sectional, and shows that better managed schools have, on average, higher levels of student

achievement. This approach gives rise to two issues.

First, there is the issue of measurement. Indices of school management are typically based

on surveys in which enumerators ask school principals (or other school managers) questions

about their management practices and score their responses based on their alignment with pre-

defined “best practices."3 While these “best practices" are typically selected to correspond with

1Bloom et al. (2013) and Fryer Jr (2014) are notable exceptions with respect to firms and schools, respectively.
2See, e.g. Card and Krueger (1992).
3For example, the World Management Survey’s Educational Questionnaire asks the following questions about

“Standardization of Instructional Practices":

a. How structured or standardised are the instructional planning processes across the school?

b. What tools and resources are provided to teachers (e.g. standards-based lesson plans and textbooks) to ensure
consistent level of quality in delivery across classrooms?

c. What are the expectations for the use of these resources and techniques?

d. How does the school leader monitor and ensure consistency in quality across classrooms?
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well-established best practices in other sectors, they require researchers to choose which types of

educational behaviors constitute “good" or “bad" management ex-ante.

Even if measurement is perfect, another issue arises; management is not assigned randomly.

Specifically, the processes that determine management quality are likely related to other processes

that determine measures of student achievement. For example, suppose that high- and low-

income parents sort into different sets of schools. If (a) high-income parents demand a higher

level of management quality from local schools and (b) children born into high-income families

score higher on standardized tests, researchers may observe a positive relationship between man-

agement and test scores, even in the absence of any causal connection. These challenges of en-

dogenous management quality and reverse causality caution against a causal interpretation of the

estimates in cross-sectional comparisons.

In this paper, I attempt to overcome these hurdles by inverting this typical approach: rather

than quantifying what we believe to be good management practices and testing whether these

practices correlate with student outcomes, I identify the effect of good managers based on outputs

alone (namely, standardized test scores). Doing so allows me to quantify the effect of manage-

ment on outcomes without taking a stance on which practices constitute good or bad manage-

ment. From there, I can examine how the practices employed by “good" managers differ from

those employed by “bad" managers, and what circumstances give rise to effective and ineffective

management.

I do so by assembling the largest-known database of district superintendent rosters from U.S.

school districts. This database is the first of its kind and represents over 18,000 unique superin-

tendents, over 7,000 school districts, and covers over 55 percent of American K-12 students as of

2014. I link this data to multiple sources of data on student demographics, district characteristics,

and student achievement, and quantify the effect that superintendents have on test scores by es-

timating superintendent valued-added models. These models, which have been used broadly for

estimating the effects of teachers, aim to identify the causal effect of superintendents.

Estimating value-added in a managerial context is complicated by the fact that superinten-

Top-scoring schools are those in which “[s]chool has implemented a clearly defined instructional planning process
designed to align instructional strategies and materials with learning expectations and incorporate flexibility to meet
student needs; these are followed up on through comprehensive monitoring or oversight." “2009 Education Survey
Instrument," World Management Survey.
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dents likely affect student achievement beyond their tenure in a district. For example, an effective

superintendent may hire skilled teachers or introduce a high-quality curriculum; these and other

changes to district operations may persist after a superintendent leaves. Similarly, when a new su-

perintendent enters a district, their effect on district performance may be not realized immediately.

Instead, it may take time for district outcomes to fully reflect the quality of their management.

I account for this possibility directly in my estimation, modeling a superintendent’s effect as

a function of their value-added as well as their tenure within the district. Similar to models that

incorporate dynamics in similar settings (Coelli and Green (2012) and Kinsler (2012), for exam-

ple), I estimate these dynamic parameters directly, allowing me to test how the distribution of

superintendent effects varies as superintendents spend more time in a district.

My findings are as follows.

First, variation in superintendent value-added is economically meaningful. My estimates

suggest that a permanent one standard deviation improvement in superintendent value-added

increases test scores by 0.011 standard deviations. Moving from the 10th to the 90th percentile of

superintendent value-added generates larger gains: 0.024 test score standard deviations. These es-

timates are roughly one-tenth the size of typical estimates of teacher value-added. Still, for many

districts, the potential test score gains from improvements in top management exceed gains from

much more ambitious and costly improvements in teacher value-added, because most districts

hire hundreds of teachers but only one superintendent.

However, identifying effective superintendents is complicated by the managerial dynamics

described above; I find that these dynamics are important in estimation. My estimates suggest that

superintendents realize less than 50 percent of their “full" potential effect on the district in the first

two years. I argue that these two effects—the smaller effects of management (relative to teachers)

as well as managerial dynamics—may in part explain the limited evidence for superintendent

effects in earlier research (Chingos et al. (2014), for example).

I validate my value-added estimates by studying how test scores change in response to the

arrival of new superintendent. A superintendent’s value-added estimate from one district pre-

dicts changes in test scores after she arrives in a new district, but does not predict changes prior to

superintendent entry, bolstering the case for a causal interpretation of superintendent effects. Het-

erogeneity analyses suggest that the effects of management are largest in small districts, districts
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with lower baseline levels of achievement, and districts in states with weaker teachers unions.

Second, high value-added superintendents affect district practices, but have limited effects on

district inputs. Using the same design as above, which compares outcomes in a district before

and after the arrival of a high- or low-value added superintendent, I test for changes across a

broad range of district inputs and school practices. I find no evidence that superintendent value-

added is associated with increases in district resources in aggregate, or shifts in district spending

in favor of one input or another (instruction spending or capital spending, for example). Instead,

I find evidence that effective superintendents change district practices. In the years immediately

following the arrival of a higher value-added superintendent, rates of teacher absences fall, the

share of new teachers increases, and schools are more likely to offer a gifted and talented program.

Finally, I examine whether superintendents are rewarded for performance in the form of

longer tenures or higher pay. I find some evidence in favor of this hypothesis generally, and strong

evidence of hetereogeneity based on the degree of local interdistrict competition. Consistent with

a model of Tiebout competition and empirical results in Hoxby (2000), I find that superintendents

with higher value-added have longer tenures and higher pay in districts with higher levels of local

competition.

Broadly, my work relates to two distinct sets of literature.

First, my work builds on the body of evidence with respect to management in education.

Much of this work is primarily descriptive, aiming to introduce new measures of management,

based on detailed survey data (as in Bloom, Lemos, Sadun and Van Reenen (2015)) or adminis-

trative data (as in Leaver et al. (2019)). These measures exhibit large positive relationships with

data on student achievement even after controlling for a number of relevant student and school

characteristics. Still, these papers are primarily descriptive and do not purport to estimate causal

effects of management. Another set of papers uses randomized experiments to assess the effec-

tiveness of management interventions on student outcomes. These papers include Fryer Jr (2014)

and Fryer et al. (2017). These papers demonstrate that large scale, ambitious management in-

terventions have positive, causal effects on student outcomes. My work bridges the gap between

non-experimental and experimental work by estimating the causal impact of management outside

of an experimental setting.

Further, all four of the aforementioned papers focus on schools and principals as the source
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of managerial effects. In Bloom, Lemos, Sadun and Van Reenen (2015) and Leaver et al. (2019),

management indices are constructed based on school-level survey responses. In Fryer Jr (2014)

and Fryer et al. (2017), experimental randomization takes place at the school level. I compliment

this work by investigating the role of district management, who manage more students in total

but typically have a smaller role in overseeing everyday school operations.

Second, my empirical work relates to the use of value-added modeling, both within and out-

side of the educational realm. Interpreting fixed effects as measures of “management quality" has

its historical roots in Mundlak (1961). More recently, Bertrand and Schoar (2003) estimate simi-

lar models to characterize CEO management styles. Value-added models have been used most

broadly in education, frequently in the context of quantifying teacher effects. A relatively smaller

set of papers aims to estimate the effects of various managerial inputs, including principals (Coelli

and Green (2012), Bartanen and Husain (2022), Bartanen et al. (2022), Loeb and Grissom (2013),

and others) and superintendents (Chingos et al. (2014), Lavy and Boiko (2017)). To my knowledge,

my value-added estimates involve a largest set of students of any such study, allowing me to esti-

mate managerial effects and quantify the practices of effective managers with more precision than

prior work.

This paper proceeds as follows. In the section below, I briefly describe my setting: Superin-

tendents in American school districts. Next, I introduce and describe my main data sources. In

Section 3, I characterize the market for school superintendents. Sections 4 describes my method

for estimating and validating superintndent value-added, and Section 5 presents results. I ex-

plore mechanisms in Section 6 and test for effects on superintendent tenures and pay in Section 7.

Section 8 concludes.

1 Superintendents in US School Districts

In the US, school districts are the administrative body responsible for education. Districts vary

wildly in size; some enroll fewer than 100 students while the largest districts enroll over 1 million

students. School boards, small groups of locally-elected officials, are responsible for the adminis-

tration of education within a district—responsibilities that typically include hiring a superinten-
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dent.4 While most school board members are part-time volunteers, superintendents are full-time

employees of the school district, are typically the highest earning employee in a school district,

and are often referred to as the “CEO" of local education.

Consistent with their role as the top executive, superintendents are responsible for a broad

range of functions within a school district. These functions vary slightly across districts, but typi-

cally include coordinating with district stakeholders including the school board and district staff,

monitoring the district budget, managing personnel decisions such as hiring, firing, evaluation,

and compensation, and overseeing the daily operations of district schools. A 2018 Gallup survey

of 1,892 US superintendents provides useful context on the issues that draw superintendent’s at-

tention. The three issues that respondents cited as challenges for their district were “[i]mproving

the academic performance of underprepared students," “[t]he effects of poverty on student learn-

ing," and “recruiting and retaining talented teachers." As top executives, superintendents have

multiple avenues through which they impact district operations and improve performance.5

Data also indicate that superintendents turnover is a persistent issue. Survey data from the

School Superintendents Association find that the average yearly turnover rate is between 14 and

16 percent.6 Moreover, less than 40 percent of superintendents surveyed by Gallup have been in

their districts for five years or more, and news reports frequently describe superintendents “leav-

ing their posts in droves."7 Superintendents often leave their jobs to pursue superintendent jobs in

other districts, a phenomenon discussed in detail in Grissom and Andersen (2012). In the section

below, I describe the data I collect to study the effects of district superintendents systematically.

4In a small number of states, districts can choose to select superintendents via local election. While little systematic
data exist, Schuh and Herrington (1990) finds that, as of 1990, 97.8 school superintendents were appointed, and that all
elected superintendents came from six states: Alabama, Florida, Georgia, Mississippi, Tennessee, and South Carolina.
Of these states, only Georgia appears in my sample. In 1992, Georgia enacted a constitutional amendment mandating
appointed superintendents. “Lawmakers shoot down option of electing school superintendents to slow revolving
door," Atlanta Journal Constitution, March 17, 2017.

5“The Gallup 2018 Survey of K-12 School District Superintendents," Gallup.
6“Superintendent and District Data," AASA.
7“The Gallup 2018 Survey of K-12 School District Superintendents," Gallup. “Who wants to lead America’s school

districts? Anyone? Anyone?" Hechinger Report, January 6, 2022. “Superintendent Turnover Is a Real Thing. How Bad
Is It?" Education Week, February 28, 2022.

6

https://www.ajc.com/blog/get-schooled/lawmakers-shoot-down-option-electing-school-superintendents-slow-revolving-door/8KG5Fe7be5maELruXMOXwK/
https://www.ajc.com/blog/get-schooled/lawmakers-shoot-down-option-electing-school-superintendents-slow-revolving-door/8KG5Fe7be5maELruXMOXwK/
https://www.gallup.com/education/241151/gallup-k-12-superintendent-report-2018.aspx
https://www.aasa.org/content.aspx?id=740
https://www.gallup.com/education/241151/gallup-k-12-superintendent-report-2018.aspx
https://hechingerreport.org/who-wants-to-lead-americas-school-districts-anyone-anyone-superintendent-search-is-just-beginning/
https://hechingerreport.org/who-wants-to-lead-americas-school-districts-anyone-anyone-superintendent-search-is-just-beginning/
https://www.edweek.org/leadership/superintendent-turnover-is-a-real-thing-how-bad-is-it/2022/02
https://www.edweek.org/leadership/superintendent-turnover-is-a-real-thing-how-bad-is-it/2022/02


2 Data

2.1 Superintendent Roster Data

I collect superintendent roster data from 20 states between 2008 and 2018. At present, these data

exist across a number of publicly available state-specific reporting systems. For example, Pennsyl-

vania reports district superintendent rosters within full-count school payroll data, Texas reports

superintendent rosters in PDF school directories, and other states, such as Missouri, publish only

the current year’s superintendent roster online. In cases such as Missouri’s, I use the Wayback

Machine to retrieve rosters from prior years. Appendix C describes my process for collecting

superintendent roster data, separately for each state.

Table 1 summarizes the coverage of my data across states. In total, my data contain 7,822

unique districts. I assess the coverage of my data according to both the share of enrollments

covered in these districts as well as the share of districts covered. In 13 of 20 states in my sample,

my superintendents data covers over 90 percent of total state enrollment. In 18 of 20 states, my

data covers over 80 percent of state enrollment. Coverage with respect to districts is slightly lower,

due to relatively lower coverage of rural districts. Still, my data covers roughly 55 percent of total

K-12 enrollment in the US and 47 percent of US public school districts.

There are two states where my data covers a relatively lower share of state enrollments pop-

ulation: New York and Illinois. In New York, my data excludes districts in New York City, which

together comprise a very large share of total enrollments; in 2014 over 35% of all school children in

New York State attended a school in one of the 32 New York City Geographic Districts. In Illinois,

my data includes the largest district in the state—City of Chicago SD 299, which enrolled 392,558

students in 2014—but excludes many medium-sized districts with reporting inconsistencies over

the sample period. This excluded group includes Schaumburg CCSD 54 and Cicero SD 99, both

of which are located in the Chicago suburbs and enrolled over 10,000 students in 2014.

Figure 1 shows where districts in my sample are located. Districts in my data are shown in

black, and districts missing from my sample are shown in blue. The size of each displayed point is

proportionate to 2014 enrollments. Figure 1 illustrates that most districts missing from my sample

are rural and relatively small, and that, consistent with Table 1, my data contain the vast majority

of state enrollments for most states in my sample.
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Panel A of Table 2 displays summary statistics of my sample districts. The first two columns

of Table 2 display district-level averages for all districts in the US and all districts in my sample,

respectively. As of 2014, the average district in the US enrolled roughly 3,000 students across 6

schools. Districts in my sample are, on average, reasonably similar: the average district in my

sample enrolls roughly 3,500 students across 6.7 schools. Staffing totals are similarly comparable.

The next two columns of Table 2 displays enrollment-weighted averages, which can be in-

terpreted as student level averages. Because larger districts enroll more students, student level

average district sizes are substantially larger. The average student in the US is enrolled in a dis-

trict that enrolls over 40,000 students total and maintains over 75 schools. Enrollment-weighted

averages for my sample districts are slightly smaller but similar in magnitude.

Superintendent roster data includes superintendent names and the districts in which they

worked each year, but does not identify unique superintendents across years. To link superinten-

dents over time, I implement a record linking algorithm within each state. Appendix D details

the linking procedure that I use to identify superintendents over time across and within districts.

Broadly, this process involves three steps. First, I make reasonable changes to reported names to

make them more consistent over time. This step includes removing middle initials and convert-

ing names reported as “Last, First" to “First Last." Second, I identify potential matches within each

state using a measure of string similarity. Finally, I break potentially erroneous matches by sep-

arating instances in which matched superintendents are working in two districts simultaneously.

Later, in Section 3, I use these links to characterize superintendent tenures and transfers.

2.2 Test Score Data

In my analyses of test score data, I link superintendent roster data to district-by-grade-by-year test

score data from the Stanford Education Data Archive (“SEDA") (Reardon et al. (2021)). SEDA data

contain, for each district, grade (3 through 8), and year between 2008 and 2017, average normed

test scores in math and reading and language arts (“RLA") on state-administered standardized

tests. Over this period, US states reported test results in the form of counts a small number of

ordered categories (e.g. “Not Proficient," “Proficient," “Advanced"). Reardon et al. (2021) translate

these scores into normed means using Heteroskedastic Ordered Probit models, accounting for

differences in state proficiency thresholds by rescaling to performance on nationally-administered
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National Assessment of Educational Progress test.

SEDA data also contains demographic information merged from the National Center for Edu-

cation Statistics (“NCES"). In my analyses, the set of baseline demographic characteristics I use in

value-added estimates includes grade-specific racial shares (percent Asian, Black, and Hispanic),

grade-specific share of free lunch students and reduced lunch students, and SEDA’s “standard-

ized SES composite," which is meant to proxy for socioeconomic status, and is “computed as the

first principal component factor score of the following measures: median income, percent with a

bachelor’s degree or higher, poverty rate, SNAP rate, single mother headed household rate, and

unemployment rate."

At different points in my analysis, I consult two additional sources of test score data. First,

to control for levels of achievement prior to 2008 in my value-added estimates, I use data on

proficiency rates from the 2003 and 2004 rounds of state-administered No Child Left Behind tests,

used in Reback et al. (2014). These data contain school level proficiency rates in math and reading,

which I aggregate to the district level. Second, to estimate school level superintendent effects, I use

school-by-grade proficiency rate data from EdFacts. This data reports the share of students scoring

at or above the state proficiency threshold on state tests between 2009 and 2018. This data provides

a higher level of granularity than my district level data, but its units—rates of proficiency—vary

substantially across states.

Panel B of Table 2 displays averages with respect to test score data, which also includes av-

erage demographic characteristics of students. Mean scores in my sample are reasonably close to

nationally normed averages. Relative to all US districts, demographics of students in my sample

are quite similar. 13 percent of test-takers are Black and 30 percent are Hispanic. 51 percent of stu-

dents in my test score data qualify for free or reduced lunch. District averages are slightly lower

for these percentages because smaller districts tend to be more White and have smaller shares of

students eligible for free and reduced lunch.

2.3 District Characteristics and Financial Data

I measure school inputs—school spending and school staffing—using data reported to the NCES

Common Core of Data. In particular, school finance data comes from the School District Finance

Survey (Form F33) survey. I focus on levels of spending per pupil and spending shares across
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the three largest categories of spending: instruction, support services, and capital. I adjust all

spending levels to 2021 dollars using the Consumer Price Index retroactive series using current

methods. School staffing data comes from the Local Education Agency Universe Survey. As with

spending, I represent staffing totals in per pupil terms.

Panel C of Table 2 displays summary statistics with respect to school spending. The average

district in my sample spent over $16,000 per student in 2014. Districts allocated approximately

half of this spending towards instruction, approximately 30 percent towards support services,

and seven percent towards support services.

2.4 School Practices Data

Finally, I use data from the Civil Rights Data Collection (“CRDC") to measure school practices.

CRDC data is collected every two years by the U.S. Department of Education’s Office for Civil

Rights, and measures a range of school-level characteristics, related to discipline, bullying, ath-

letics, curriculum, school finance, and personnel. Given the responsibilities of school superinten-

dents, I focus on outcomes related to curriculum and personnel.

My CRDC data covers the universe of schools in the US every two years from 2009 to 2017.

Table 3 summarizes this data for districts in my sample, separately by year and by school level.

Curricular choices vary substantially across school levels, but are reasonably consistent over time.

Algebra courses are extremely common in high schools and slightly less so in middle schools.

Advanced Placement (“AP") courses are found only in high schools, with few exceptions. Across

all levels, gifted and talented programs are offered in 50 to 80 percent of schools, with slightly

higher rates in middle schools and slightly lower rates in high schools. Across all school levels,

average shares of teachers in who were chronically absent—defined as absent more than 10 days

of the school year—falls between 20 and 30 percent. Inexperienced teachers are also common;

roughly 10 percent of teachers are in their first or second year of teaching.

3 Describing the Superintendent Market

Prior to laying out my strategy for estimating superintendent value-added, I first characterize the

superintendent labor market more generally.
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3.1 Superintendent Tenures

Table 4 summarizes the structure of superintendent tenures in my data. Panel A of Table 4 shows

the distribution of superintendent tenures at the district level. There are 7,822 unique districts in

my data, and between 2008 and 2018, the average district had 2.7 superintendent tenures.

Panel B summarizes my data at the superintendent level. There are over 18,000 unique su-

perintendents in my data, most of whom work in only one district over this period. My record

linking algorithm identifies a small share of superintendents, 11.7 percent, who work in more than

one district. This underscores the necessity of using large-scale data from multiple states in this

context. Within each state, the number of multi-district superintendents is quite small. However,

across the 20 states in my data, I am able to identify thousands of superintendent transfers across

districts.

The statistics in Panel B likely understate the frequency of across-district transitions, because

my data include many newly-hired superintendents who will eventually move across districts in

the years after my sample has ended. To get a better sense of the long-run rate of across-district

transfers, Panel C repeats this exercise, restricting to superintendents who were employed in 2008.

Within this sample, a much larger share of superintendents work in more than one district: 17.6

percent.

Finally, Panel D of Table 4 summarizes the distribution of tenures at the superintendent-by-

district level. The average tenure in my data is 3.3 years and the median is three years; these figures

are roughly consistent with survey evidence from Gallup, in which the median superintendent

was employed in their district for between three and five years.

In a small set of states—Georgia, Pennsylvania, and Wisconsin—I source my superintendent

roster data from full-count personnel data that includes salary information. The final row of Panel

D summarizes the distribution of mean salaries across district tenures. In these states, average

annual salaries were approximately $160,000. Around this mean, salaries vary substantially; the

standard deviation is over $48,000 and the maximum is over $500,0000.

3.2 Characterizing Superintendent Job Transitions

Linking superintendents across allows me to identify when a superintendent exits one district

and enters another. To characterize the nature of these job transitions, I identify every instance in
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which a superintendent left one district and later worked for a different district. There are over

2000 such transitions in my data.

Table 5 summarizes these transitions by comparing the characteristics of districts that a su-

perintendent left—the exiting district—to the characteristics of districts that a superintendent

entered—the entering district. The first and second columns present means and standard devi-

ations of characteristics for the exiting and entering district, respectively, where characteristics are

measured in the relevant year—in the exiting year for the exiting district and in the entering year

for the entering district. The final column displays the results of a linear regression on a stacked

dataset in which each transition appears in two rows, each row representing either the exiting or

entering district. With this data, I test for differences between exiting districts and entering dis-

tricts by regressing each characteristic on a dummy variable identifying the entering districts. I

include fixed effects for each transition in each regression.

Table 5 highlights two facts about superintendent transitions. First, superintendent transitions

often entail moving to a larger district. On average, enrollments in entering districts are higher by

over 1,000 students, an increase of over 35 percent. (Differences in the log of enrollments imply

an increase of similar magnitude.) Entering districts have 1.3 more schools, and higher shares of

underrepresented minority students, though the magnitude of this latter effect is reasonably small:

two percentage points. Superintendents who move also tend to see increases in their salaries.

Superintendents typically earn over $9,000 more in salary, or roughly 5%, upon moving to a new

district.8

Second, while superintendents typically leave to slightly higher-scoring districts, these changes

are not coincident with trends in district test scores. The final two rows in Table 5 illustrate this

point. Average scores in entering districts are roughly 0.017 standard deviations higher than scores

in exiting districts. This fact is not particularly surprising, given the differences in district charac-

teristics described above. However, I find no evidence that transitions are correlated with changes

in test score trends. The bottom row of Table 5 shows that cohort level changes in test scores—

defined as the year-over-year change in a cohort’s test scores (for example, the difference between

8Salary data is available only for three states: Georgia, Pennsylvania, and Wisconsin. For some transitions, salaries
in a superintendent’s last or first year reflect pro-rated salaries for part of a year. For this reason, salaries in Table 5 are
taken from a superintendent’s second-to-last year in the exiting district and from a superintendents second year in the
entering district.
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4th grade class’s scores in 2012 and the 3rd grade class’s scores in 2011) in both exiting and en-

tering districts are extremely small in magnitude. The difference between these two values is

similarly small and statistically insignificant. In a study of superintendent turnover in California,

Grissom and Andersen (2012) document similar patterns: superintendent turnover is uncorrelated

with short-term test score growth, but typically involves moves to larger and more urban school

districts.

3.3 Superintendent Tenure and Changes in District Practices

Finally, I provide suggestive evidence that superintendents meaningfully affect district practices.

To do so, I link my superintendent roster data to CRDC school practices data. With this linked

data, I test whether early-tenure superintendents are more likely to make changes in school poli-

cies.

I focus on the five school practices variables in Table 3. For all practices other than the share of

inexperienced teachers, I calculate the absolute change in school i in consecutive surveys between

year t and year t− 2. (CRCD data is reported every two years.) For binary variables, this is simply

a binary variable indicating whether school i changed a given practice between two consecutive

survey years. The share of inexperienced teachers already measures changes, so I use it directly in

my analysis.

For a given practice—for example, whether the school offers algebra—I test whether higher

tenure superintendents are less likely to introduce changes in that practice. I estimate the equation

below via OLS.

I{Changed Algebra}sdt = |Algebrasd,t −Algebrasd,t−2| = β0 + β1Tenuredt + γXsdt + εsdt, (1)

where I{Changed Algebra}sdt indicates whether school s in district d changed algebra practices

between year t and year t− 2. Tenuredt represents the tenure (in years) of the superintendent in

district d in year t. Xxdt is a matrix of covariates. If superintendents exercise some authority over

school practices, we might expect that earlier-tenure superintendents are more likely to change

school practices. Over the long-term, schools “settle in" to a set of practices that align with the

superintendent’s preferences. In this case, we expect β1 to be negative: the probability of changing
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practices is a decreasing function of superintendent tenure.

My results are shown in Table 6. Column 1 displays estimates that control only for state-by-

year-by-school-level fixed effects. Estimates are uniformly negative and statistically significant

for four of five practices, suggesting that increases in tenure decrease the likelihood of a change

in practices. Per-year magnitudes are generally in the range of two basis points, suggesting that a

5-year difference in superintendent tenure decreases the probability of a given practice changing

by one percentage point.

Column 2 of Table 6 adds fixed effects for districts. These fixed effects control for differences

in the year-over-year variability in practices within districts—for instance, some districts may be

consistently more or less variable over time, regardless of the superintendent’s tenure. Adding

these fixed effects increases the explanatory power of my mode, but reduces estimated effect sizes

substantially. Still, effects are uniformly negative but statistically imprecise. Column 3 repeats this

exercise, adding school fixed effects, with similar effects.

Broadly, these results are consistent with a model in which superintendents affect school prac-

tices, but these effects are concentrated earlier in their tenure. As superintendents spend more time

in a district, educational practices align more closely with their vision, and the likelihood that a

given practice changes in a given year falls.

Thus, superintendents have scope to change education production in school districts. How-

ever, this descriptive analysis cannot identify whether superintendents affect district outputs–that

is, student outcomes—rather than just inputs, and by how much. Moreover, if superintendents

do indeed affect student outcomes, this analysis cannot determine whether effective or ineffective

superintendents make different choices about district operations.

To answer these more pressing questions, I use tools from the value-added literature. Specifi-

cally, I estimate a model of superintendent value-added and use out-of-sample value-added esti-

mates to validate my model and to identify best practices: practices that reliably effective superin-

tendents tend to enact upon entering a new district. However, estimating superintendent value-

added is complicated by the dynamics that I describe above: superintendent-induced changes

are dynamic, and are not realized immediately upon entering a district. In the section below, I

describe my method for identifying superintendent value-added.
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4 Estimating Dynamic Superintendent Effects

In this section, I describe my approach to estimating, validating, and characterizing superinten-

dent value-added. Throughout, I focus my discussion on my main test score value-added esti-

mates. In Appendix A, I introduce and summarize additional value-added estimates, which differ

in the set of covariates included in the estimation or the assumptions made during estimate. These

estimates are described in more detail in the body of Appendix A, but the setup and estimation is

extremely similar in nature to that of the estimates described below.

4.1 Setup

To begin, let average student achievement in district d in year t is given by Ādt. I assume that

achievement is determined by the following equation.

Ādt = Xdtβ + vdt, where vdt = θdt + εdt (2)

where Xdt is a matrix of measures of prior district performance—which may include lagged test

scores—and contemporaneous district demographics. θdt represents the district level superin-

tendent effect, whose structure is described in detail below. All other variation in test scores is

assumed to be attributable to an idiosyncratic district-year shock εdt.

As in Coelli and Green (2012) for school principals, district level superintendent effects θdt

are assumed to evolve over time based on current and prior district superintendents. Denote the

superintendent in district d in year t as j(d, t), and denote superintendent j’s “full" effect as µj(d,t).

(For brevity, I will often use µj in place of µj(d,t).) This effect is revealed over a superintendent’s

tenure. Specifically, I assume that the district-level superintendent effect θdt is a weighted average

of the superintendent effect in the prior year and the current superintendent’s full effect µj(d,t),

where weights are given by a decay parameter, ρ.

θdt = ρθd,t−1 + (1− ρ)µj(d,t) (3)

Equation 3 can also be represented as a function of the full history of superintendents in a given
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district, shown below.

θdt = ρtθd,0 + (1− ρ)
t′=t

∑
t′=1

ρ(t−t′)µj(d,t′) (4)

In both equations above, ρ is a measure of persistence. To build intuition, consider two ex-

tremes. First, if ρ = 0, a superintendent’s full effect is realized immediately upon entering a new

district. Mathematically, this implies that θdt = µj(d,t). While this assumption may be reasonable

for teachers, whose effect on students is year-specific, this is unlikely to be the case for superin-

tendents, if superintendents impose changes to district operations only gradually. Alternatively, if

ρ = 1 changes in superintendents have no effect on district operations. Mathematically, θdt = θd,0.

For intermediate values of ρ between 0 and 1, higher values of indicate more persistence in

prior superintendent effects and slower diffusion of new superintendent effects. In these cases,

θdt approaches µj(d,t) as a superintendent’s tenure in a district increases. (Note that this approach

necessarily shuts down the possibility of experience effects.)

Figure 2 illustrates how θdt changes in response to a one-unit change in superintendent value-

added, under different assumptions about ρ. The top line in Figure 2, shown in solid blue, is the

immediate-realization case described above, in which ρ = 0. As ρ increases, the speed with which

a superintendent’s “full" effect is reflected in district outcomes becomes slower. At ρ = 0.75,

superintendents “reveal" less than half of their full capability after three years.9

On an individual basis, Equation 3 can be represented as a function of two forces: tenure and

decay. To do so, consider the effect in year t of a superintendent who worked in a district for x

years, most recently in year q. (Note that this means that, during a superintendent’s tenure t = q.)

The coefficient on this superintendent’s µj term in year t ≥ q can be represented as as below.

(1− ρ)
t′=q

∑
t′=q−x+1

ρt−t′ (5)

9Mathematically, if ρ = 0.75, 1− ρ2 = 0.4375.
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Distributing (1− ρ), this term simplifies as follows.

(1− ρ)
t′=q

∑
t′=q−x+1

ρt−t′ =
t′=q

∑
t′=q−x+1

ρt−t′ −
t′=q

∑
t′=q−x+1

ρt−t′+1

=
i=t−q

∑
i=t−(q−x+1)

ρi −
i=t−q+1

∑
i=t−(q−x+1)+1

ρi

=
[
ρt−(q−x+1) + ρt−(q−x+1)−1 + ρt−(q−x+1)−2 + ... + ρt−q]
−
[
ρt−(q−x+1)+1 + ρt−(q−x+1) + ρt−(q−x+1)−1 + ... + ρt−q+1]

=ρt−q − ρt−q+x

= (1− ρx)︸ ︷︷ ︸
Effect of Within-District Tenure

× ρt−q︸︷︷︸
Effect of Decay

(6)

The equation above illustrates the two drivers of superintendent effects. First, within-district

tenure increases the magnitude of a superintendent’s effect on district outcomes. In the limit (as

a superintendent’s tenure, x, approaches infinity) a superintendent’s effect is fully realized: this

term approaches 1. Second, after a superintendent leaves a district, their effect on district opera-

tions decays. Mathematically, this is reflected in the relationship between the year of observation,

t, and the second term above. Holding a superintendent’s year of exit, q, constant, increases in t

decay their effect on district operations. (Note that during a superintendent’s tenure, this second

term is equal to one, as t− q = 0.)

Returning to Equation 2, plugging in Equation 4 yields the equation below.

Ādt = Xdtβ + vdt, where vdt = ρtθd,0 + (1− ρ)
t′=t

∑
t′=1

ρ(t−t′+1)µj(d,t′) + εdt (7)

4.2 Estimation

Changes in superintendents within districts over time allow me to separately identify ρ and µj in

Equation 7. I define the least squares estimation problem as:

min
β,µ,ρ

Nd

∑
d=1

T

∑
t=0

(
Ādt − Xdtβ− (1− ρ)

t′=t

∑
t′=1

ρ(t−t′+1)µj(d,t′)

)2

. (8)
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This equation is estimable via nonlinear least squares. However, in practice, estimation presents

two difficulties. First, given the scale of my data—over 18,000 individual superintendent tenures

across over 7,000 districts—computation is extremely costly. Second, because the identifying equa-

tion does not have well-defined asymptotic standard errors, inference on my parameter of interest,

ρ, is difficult.

I overcome these difficulties by estimating Equation 8 in two steps. First, to estimate the distri-

bution of ρ̂, I estimate Equation 8 via nonlinear least squares using 100 bootstrapped subsamples

of 1,000 districts each.10 These subsamples are much smaller than my full sample, and therefore

they overestimate the variance in my estimates of ρ. In practice, bootstrapped distributions are

centered around a reasonably small range of values. In the second step, I rely on the fact that, for

a given value of ρ, Equation 8 is linear and can be estimated via ordinary least squares.11 To ob-

tain value-added estimates, I estimate value-added terms via ordinary least squares after setting

ρ equal to the mean value from the distribution of bootstrap estimates.

Practically, with test score data, which is available annually at the district-by-grade-by-subject

level, I construct district-by-year residuals via OLS prior to estimation. In my main estimates, mt

vector of controls, Xdt includes the log of enrollment, the SEDA socioeconomic status composite

measure, racial shares, fixed effects for locale type (urban, suburb, town, and rural), and three

measures of prior test score performance: mean performance on 2003-2004 No Child Left Behind

tests from Reback et al. (2014), 2008 grade-by-subject specific test scores from SEDA, and cohort-

specific lagged test scores, which measure the score of students in the prior grade in the prior year

(under normal circumstances, these will mostly be the same set of students).12

In estimation, I set the initial leadership effect, θd0, equal to zero and the first superintendent

effect, µd0, equal to zero. In addition, I omit all effects for superintendents who work in a district

for only one year, who are primarily hired on an interim basis.

Moreover, in my analysis I estimate district-by-superintendent effects, rather than superinten-

dent effects. This distinction affects only superintendents who work in more than one district (e.g.

a superintendent who works in one district from 2009 to 2013 and another from 2014 to 2018), but

10Specifically, I use the nls function in R, setting the initial value of ρ equal to 0.5.
11To see this, note that x and t− q in Equation 6 are values observed in superintendent roster data.
12Because I include 2008 scores and cohort lagged scores as controls, I exclude observations from the first year (2008)

and first grade (grade 3) from my analysis.
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has two distinct advantages. First, it allows me to estimate the within-superintendent variance

of my estimates, which allows me to scale my estimates to account for sampling error. Second, it

allows me to validate my results by testing whether a superintendent’s estimated value added in

one district predicts changes in test scores upon entering another district. I describe both of these

processes below.

As is the case with teacher value-added, my raw estimates of superintendent value-added

from Equation 8 are inflated by sampling error.13 I form empirical Bayes estimates of value-added

using the equation below.

µ̂EB
j = aµ̂j + (1− a)µ̄, (9)

where µ̄ is my estimate of the average superintendent value-added, and a is a weighting parame-

ter. I estimate a as below.

a =
σ̂2

σ̂2 + λ̂
, (10)

where σ̂2 is an estimate of the variance of the true value-added and λ̂ is the estimated variance

of the error in the value-added estimate. Following Kane and Staiger (2008), I estimate σ̂2 as the

covariance between estimated value-added in the superintendent’s current district and estimated

value-added in their prior district (using the subsample of superintendents who worked in mul-

tiple districts).

4.3 Validation

To validate my estimates, I focus on instances in which a superintendent enters a new district.

My validation exercise tests whether a superintendent’s out-of-district effects predict changes in a

new district, and whether the magnitude of these effects are consistent with the model predictions

described above.

Figure 3 illustrates this approach using a simple example. In the example, Superintendent

J worked in District A for years 2 and 3. Between years 3 and 4, Superintendent J moved from

13See Koedel and Rockoff (2015) for a discussion of shrinkage procedures in value-added modelling, and Morris
(1983) for a more general discussion.
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District A to District B. In the first step of my approach, I estimate µA
J : Superintendent J’s effect on

outcomes in District A. In the second step, I test whether µA
J predicts changes in District B.

More technically, consider the effect of a superintendent who worked in a district for x years,

most recently in year q. For simplicity of notation, denote the superintendent’s first year in the

district as r = q− x + 1. If my estimate of that superintendent’s value-added is unbiased, changes

in θdt, the district level superintendent effect, should evolve according to the equation below.

∆θdt =


(1− ρt−r)µj,−d if t ∈ [r, ..., q][
(1− ρx)× ρt−q]µj,−d + (1− ρ)∑t′=t

t′=q+1 ρ(t−t′)µj(d,t′) if t > q
(11)

In the equation above, I use µj,−d to denote superintendent j’s estimated value-added in districts

other than district d. The first line above corresponds to superintendent effects during a superin-

tendent’s tenure. As superintendent tenure within a district increases, the superintendent realizes

more of their full effect, and this term approaches µj. The second line concerns effects after a su-

perintendent has left. As time passes following a superintendent’s exit from a district, their impact

on district outcomes dissipates, and the effect of more recent superintendents increases.

The second term in the bottom line, (1− ρ)∑t′=t
t′=q+1 ρ(t−t′)µj(d,t′), denotes the effects of more

recent superintendents: superintendent who succeed the denoted superintendent. In my valida-

tion exercise, I present results making two extreme assumptions about the relationship between

present superintendent quality and future superintendent quality, which I denote with µ+. First,

I simply assume that an exiting superintendent is replaced by an average superintendent who

remains in the district indefinitely: µ+ = 0. Second, I assume that an exiting superintendent is

replaced by a superintendent of exactly the same quality who remains in the district indefinitely:

µ+ = µj,−d.

To test these predictions, I construct a test score panel consisting of all available years before

and after a superintendent enters a district. I calculate predicted changes in test scores, ∆θ̂dt, using

Equation 11. (For pre-entry years, t < r, I set ∆θ̂dt = 0.) With these data, I estimate the equation

below and test whether β1 = 1. γdj and ξt represent district-superintendent (i.e. event-specific)
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and time fixed effects, respectively.

ydt = β0 + β1
[
∆θ̂dt

]
+ γdj + ξt + εdt (12)

I estimate Equation 12 via OLS. I cluster standard errors at the district level.

This estimate is akin to a difference-in-difference estimate, comparing changes in districts that

are “treated" with superintendents with different value-added estimates at different times. In this

spirit, I use this setup to estimate event study models, which allow me to estimate the time path

of superintendent effects nonparametrically, and are slightly more explicit about the comparisons

used to identify causal effects.

However, recent work in the econometrics literature raises concerns about the use of canonical

two-way fixed effects models when treatment timing is staggered and treatment effects vary over

time (Goodman-Bacon (2021)). To ameliorate such concerns, I estimate stacked difference in differ-

ence models (Baker et al. (2022), Cengiz et al. (2019)). To do so, I construct my analysis dataset as

follows. First, I identify each instance of superintendent entry for which I have an out-of-sample

value-added estimate µj,−d. I denote events with e. Next, for each event e, I identify all districts in

the same commuting zone with no such entry over the entire sample period. Commuting zones

are “geographic units of analysis intended to more closely reflect the local economy where people

live and work."14 These districts are my control districts and are shown on the right in Figure 3.

Finally, I estimate the equation below, which controls for event-by-time and event-by-district fixed

effects.

yedt = αed + λet + ∑
k 6=−1

βk[Dedk × µj(e),−d] + εedt, (13)

where Dedk is a binary variable equal to one in year k relative to the year of superintendent entry.

(Dedk is equal to 0 for all control districts in all years.) My coefficients of interest, βk, trace out

the dynamic effect of superintendent value-added in the years before and after a superintendent

enters a new district.
14There are 709 commuting zones in the US. “Commuting Zones and Labor Market Areas," USDA Economic Research

Service.
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The analogous difference-in-difference equation is given below.

yedt = αed + λet + β[Dedt × µj(e),−d] + εedt, (14)

where Ded is a binary variable identifying the treated district in years after superintendent entry.

In my results, I present estimates of Equation 13 in the form of event study plots and estimates of

Equation 14 in tables. I cluster standard errors at the district level.

This approach has three distinct benefits, relative to the validation exercise described above.

First, by saturating my specification with event indicators, treatment effects are identified based

only on comparisons between treated districts and untreated districts in the same year. As Baker

et al. (2022) notes, this approach “circumvent[s] the problems introduced by staggered treatment

timing and treatment effect heterogeneity." Second, this approach is more explicit about the com-

parison units I use to construct my estimates: districts in the same commuting zone with no eligi-

ble superintendent entry events during my sample period. Finally, my event study specification

in Equation 13 places no parametric restrictions on the effect of superintendents on outcomes by

year, allowing me to test the degree to which these estimates conform to the predictions of my

model (and shown visually in Figure 2).

Identification of causal effects in this context rests on the assumption that, absent the entry of a

high- or low-value-added superintendent, outcomes in the treated district would follow the same

path as those in the control districts. While I cannot test this assumption directly, I confirm that my

estimates do not exhibit significant differences in trends in the pre-period, both with respect to test

scores as well as a host of demographic characteristics. Additionally, I test for treatment effects on

school demographics by estimating Equation 13 with student demographic characteristics on the

right hand side. In doing so, I confirm that the entry of a high- or low-value-added superintendent

is not coincident with changes in student demographics.

4.4 Identifying Practices of Effective Superintendents

The validation exercise described above can be applied to answer a related question: what do

higher value-added superintendents do? To answer this question, I test how the arrival of a high

or low value-added superintendent affects various outcomes at the district or school level: district
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spending or teacher absences, for example.

Throughout, I use the stacked difference-in-differences approach, where treated districts are

compared over time to districts in the same commuting zone in the same year. My estimates from

Equations 13 and 14 reflect comparisons between districts in which a high- or low-value-added

superintendent entered and nearby districts where no such event occurred.

In measuring effects for school-level outcomes in CRDC data, I make two small changes to my

approach. First, because districts vary wildly in the number of schools they manage, unweighted

school level results will implicitly place more weight on larger districts. To gauge the degree

to which this affects my estimates, I produce two estimates that apply different weights to each

school. In one set of estimates, I apply equal weight to each district in my sample, weighting

each school by its proportion of total district enrollment in each year. In another set of estimates, I

weight each observation by total school enrollment. The second change results from the structure

of CRDC data. CRDC data is collected every two years. As such, I pool event study estimates to

include two year periods relative to the year of superintendent entry (years -2 and -1, years 0 and

1, etc.).

5 Superintendent Value-Added

5.1 Distribution of Superintendent Value-Added

I first summarize the distribution of superintendent value-added and contextualize it relative to

effect sizes in other educational settings. Figure 4 summarizes the distribution of my parameter

estimates: ρ, my measure of managerial persistence, and µj, superintendent value-added.

In Panel A of 4, I show the sampling distribution of bootstrap estimates of ρ. This distribution

is centered around a mean of 0.71, indicating that, in a superintendent’s first year within a district,

only 36 percent of their full effect is realized. 95 percent of bootstrap estimates fall between 0.51

and 0.88. This distribution is wide, but it is notable that none of the bootstrap samples produce

estimates consistent with a model of immediate realization of superintendent effects: ρ = 0.

Panel B shows the distribution of superintendent value-added. These values are produced by

first estimating 8 via OLS, setting ρ equal to its mean bootstrap estimate, 0.71. In the second step,

I shrink these raw estimates using Equation 10.
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I display summary statistics for my value-added estimates in the top left corner of Figure

4. The standard deviation of my value-added measure is 0.011 standard deviations. The differ-

ence between the 90th and 10th percentile value-added is much larger: 0.024 standard deviations.

I contextualize these estimates first relative to the overall distribution of observed district-level

variation in learning rates as well as relative to two well-established literatures: the teacher value-

added literature and the literature on the effects of school spending on student outcomes.

Appendix Figure B1 shows the observed distribution of learning rates—defined as the raw

difference in normed test scores between consecutive years for the same cohort—across districts

in the US. In the US as well as within the subset of states in my superintendent roster data, the

standard deviation of district-level learning rates is 0.044; roughly four times the standard devia-

tion of estimated superintendent effects.

Teacher value-added estimates also provide a useful point of comparison. Hanushek and

Rivkin (2010) summarize the magnitude of teacher value-added estimates, finding that the aver-

age the average (across-study) standard deviation of teacher effects is 0.11 student-level standard

deviations in reading and 0.15 in math. My estimates are roughly one-tenth the size of these ef-

fects. However, school districts are much larger than individual classrooms. To provide a more

intuitive comparison, one might ask: how many high-quality teachers would have the same effect

as a high-quality superintendent?

In Figure 5, I calculate the total district level effect of replacing 20 teachers with teachers with

one standard deviation higher value-added. If the standard deviation of teacher value-added is

given by σTVA, the effect of such a policy on average district scores is:

σTVA × 20× Avg. Classroom Size
Total District Enrollment

In Panel A of Figure 5, I display results assuming an average classroom size of 25 and setting

the upper and lower bounds to reflect estimates from Hanushek and Rivkin (2010) in math and

reading, respectively.

The effect of such a policy at the district level depends crucially on the size of the district in

question. In smaller districts with fewer teachers, improving the value-added of 20 teachers can

have very large effects; these teachers comprise a large share of the overall teaching staff. How-
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ever, in larger districts, this effect gets smaller, as the share of classrooms affected by the policy

falls. Comparing these estimated policy effects of large-scale improvement in teacher value-added

to a hypothetical increase in superintendent value added (shown in Panel C), I estimate that the

two policies would have equal effects in a district with total enrollment of 5,000.15 (For larger dis-

tricts, increasing superintendent quality would have larger effects than increasing teacher quality,

and vice versa.)

How much might such a policy cost, if school districts use higher salaries to attract more

effective teachers? Estimates will depend on the degree to which changes in salaries translate

to changes in teacher value-added; in their study of how recessions affect that quality of entrant

teacher cohorts, Nagler et al. (2020) provide a sense of magnitudes. Recessions increase the relative

pay of a teaching job by between $2,379 and $7,140, and increase average value-added in math by

roughly 0.1 test score standard deviations, roughly equal to σTVA. Taking these estimates at face

value, a policy that recruits 20 teachers higher value-added teachers with higher salaries would

cost between $47,580 and $142,800.

Another useful comparison is to consider the effect of school spending on student achieve-

ment and ask: what amount of spending would have the same effect as replacing an average

superintendent with an above-average superintendent? Jackson and Mackevicius (2021) summa-

rize the literature on school spending and student achievement, arguing that on average, a $1,000

increase in school spending for four years increases test scores by 0.0352 standard deviations. In

Panel B of Figure 5, I show the estimated effect of a $1 million increase in district spending as a

function of district size.

I calculate effects on average district test scores as:

1, 000, 000
Total District Enrollment

× δ

1, 000

where δ is the estimated effect of a $1,000 increase in school spending for four years. Figure 5

15Relevant calculations are below.

σSVA = σTVA × 20× Avg. Classroom Size
Total District Enrollment

0.011 = 0.11× 20× 25
Total District Enrollment

→ Total District Enrollment = 5, 000
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shows upper and lower bounds that correspond to the 95 percent confidence interval in Jackson

and Mackevicius (2021): -0.00725 to 0.07767. Taking the mean estimate in Jackson and Mackevicius

(2021)—0.0352 standard deviations—I estimate that the two policies would have equal effects in a

district with total enrollment of 3,200.16

While these comparative cost estimates are inexact, they highlight the potential for improve-

ments in management quality to improve school quality at relatively lower cost that the afore-

mentioned interventions. In three states for which I have salary data, Table 4 shows that average

salaries are approximately $160,000, far below the $1 million cost associated with spending-driven

improvements, and in the same range as teacher-driven improvements. Of course, this compar-

ison assumes that districts are able to identify and reward effective superintendents; I return to

this question in Section 7.

5.2 Testing for Out-of-District Validity

I next evaluate the out-of-district validity of my estimates. To do so, I test whether changes in

student test scores following superintendent entry are in line with the magnitude of my value-

added estimates. Formally, I estimate Equation 12 using out-of-district estimates of superinten-

dent value-added and test whether the estimated β1 coefficient is equal to 1. There are roughly

1,500 eligible instances of superintendent entry in my data.

My estimates are shown in Table 7. As noted above, I estimate Equation 12 under two extreme

assumptions about µ+, the value-added of subsequent superintendents after the entering super-

intendent ultimately leaves the district. In the first three columns of Table 7, I assume that exiting

superintendents are replaced with superintendents of average quality: µ+ = 0. Estimates center

around 1, but are imprecise absent controls for lagged cohort test scores. Adding lagged cohort

test scores in Column 3 yields estimates of 1.02; I reject the null hypothesis that this estimate is

equal to zero and cannot reject that this estimate is equal to 1.

Columns 4 to 6 of Table 7 repeat these estimates, here assuming that exiting superintendents

16Relevant calculations are below.

σSVA =
1, 000, 000

Total District Enrollment
× δ

1, 000

0.011 =
1, 000, 000

Total District Enrollment
× 0.0352

1, 000
→ Total District Enrollment = 3, 200
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are replaced with superintendents of exactly the same quality, µ+ = µj,−d. Columns 4 and 5

are well above 1, indicating that a one-unit increase in superintendent value-added increases test

scores by 2 times the predictions implied by my model. In Column 6, I add lagged cohort test

scores; resulting estimates are 1.3. Again, I cannot reject the null hypothesis that this estimate is

equal to 1.

Figure 6 presents the equivalent event study estimates of superintendent effects, which pro-

vide nonparametric estimates of dynamic superintendent effects. Moreover, unlike the estimates

in Table 7, these estimates use my stacked difference-in-differences approach to estimate causal

effects. This approach compares the evolution of test scores in districts where a superintendent

entered to districts in the same commuting zone with no such event over the sample period.

In Panel A of Figure 6, the dashed horizontal line is drawn at βk = 1, which corresponds

to forecast-unbiased estimates. The first series, shown as blue circles, shows the dynamic esti-

mates of superintendent entry over time, controlling for baseline demographic controls. Prior

to superintendent entry, district outcomes show little relationship with the value-added of fu-

ture superintendents. In the years following superintendent entry, test scores increase steadily

for roughly three years and are approximately flat thereafter. Adding lagged scores—shown in

yellow triangles—reduces the magnitude of these estimates only slightly.

In Panels B and C of Figure 6, I estimate similar models, replacing my scaled value-added

estimates with re-scaled measures of test score value-added. In Panel B, I show that, consistent

with the magnitudes discussed above, a one standard deviation increase in superintendent value-

added leads to an improvement in test scores on the order of 0.01 to 0.02 test score standard

deviations. In Panel C, estimated effects reflect the impact of a 100 percentile increase in super-

intendent value-added. Estimated effects sizes in Panel C are between 0.02 and 0.05 test score

standard deviations.

Table 8 disaggregates this analysis into comparisons between equal-sized discrete groups of

superintendents: superintendents in each quartile of the value-added distribution. I operational-

ize these comparisons by estimating Equation 13, replacing µ̂j,−d with binary variables indicating

whether the district hired a superintendent with 2nd-quartile, 3rd-quartile, or 4th-quartile value-

added. (Hires whose value-added is in the bottom quartiler are the reference group.) Reassuringly,

the results in Panel B indicate that superintendent effects are driven both by test score losses in
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districts that hire low value-added superintendents as well as test score gains in districts that hire

high value-added superintendents.

Before discussing heterogeneity and robustness, I situate my estimates relative to other esti-

mates of top school management in the literature. In the economics literature, two studies estimate

superintendent value-added directly. Lavy and Boiko (2017) study school CEOs in Israel, man-

agers who oversee approximately 15 schools at a time. Similar to mine, their estimation strategy

leverages CEO transitions between districts. While their sample size is quite small—fewer than 60

superintendents per year—the authors find that superintendents have significant and large effects

on school performance; in their sample, a one standard deviation improvement in school superin-

tendent value-added increases test scores by 0.04 standard deviations. This estimate is nearly four

times the size of my estimate, though I note that the institutional context is quite different and, as

detailed in Section 5.3, some subsamples of my data produce estimates of roughly this magnitude.

In addition, Chingos et al. (2014) use data from Florida and North Carolina, and argue that

“[s]uperintendents are largely indistinguishable," based on two facts. First, overall achievement

changes very little in response to superintendent turnover. Second, in North Carolina, average

differences in test scores between successive superintendents are extremely noisy and that “the

difference in the academic performance of students under two superintendents who serve suc-

cessively in the same district, cannot be estimated with sufficient precision to permit the reliable

identification of winners and losers."

In light of this work, I offer three responses. First, changes in student achievement are a

function of superintendent quality rather than superintendent tenures. In Section 7, I show that

school districts often fail to retain high value-added superintendents, suggesting that the link

between superintendent tenure and superintendent quality may be weak. Thus, while replacing

one superintendent with another may fail to generate test score gains on average, these effects

likely differ based on the quality of the exiting and entering superintendent. Second, my work

demonstrates that the dynamics of superintendent effects are extremely important in estimation.

Comparing two-year averages (as in Chingos et al. (2014)) between successive superintendents

may understate actual differences in effectiveness by as much as 50 percent.17 Finally, while I

17To see this, note the first two years of a superintendent’s tenure will reflect 1− ρ and 1− ρ2 of the superintendent’s

effect, respectively. Thus, an equal-weighted average of these values is 1−ρ+1−ρ2

2 . At ρ = 0.71, this value is equal to
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argue that superintendent value-added estimates are economically meaningful, I am in agreement

with Chingos et al. (2014) that they are not sufficiently precise to be employed in the “reliable

identification of winners and losers" on an individual basis.

5.3 Heterogeneity

Next, I explore heterogeneous effects across districts and student populations. To do so, I estimate

Equation 14 with different subsamples and different student populations. Specifically, I identify

8 (overlapping) subsamples of interest: test subject (math and RLA), district size (large district

and small districts), achievement level (districts with high versus low baseline achievement), and

union status (states with high versus low union power, as described in Brunner et al. (2020)).

Within these 8 subsamples, I estimate effects on 6 student populations: all students, economically

disadvantaged and non-economically disadvantaged students, Black students, Hispanic students,

and White students. I estimate Equation 14 using my baseline set of covariates plus lagged cohort

test scores, and report the effects of a one standard deviation increase in superintendent value-

added. Figure 7 displays my results. (I provide definitions of each subsample in the notes for

Figure 7.)

I highlight three patterns that emerge from Figure 7. First, superintendent value-added is not

subject-specific. Both math and RLA scores exhibit significant improvements across many sub-

samples. Second, districts with more managerial flexibility—namely, those that are smaller and

districts in states with less union power—exhibit larger responses to superintendent effects. Fi-

nally, superintendent effects are most pronounced among generally lower-achieving subgroups.

Districts with lower levels of baseline achievement, economically disadvantaged students, and

minority students (particularly Hispanic students), often exhibit larger responses to superinten-

dent value-added.

5.4 Robustness and Extensions

The identifying assumption underlying this work is that, absent the arrival of a high- or low-

value-added superintendent, district outcomes would have followed the same trend as outcomes

in control districts. In Appendix Figure B2 I test for effects of superintendent value-added on stu-

dent characteristics. To do so, I simply re-estimate the test score event study regressions above,

0.393.
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replacing test scores with student demographics. Figure B2 demonstrates two facts. First, the

arrival of a high- or low-value-added superintendent is not preceded by differential trends with

respect to student demographics. High value-added superintendents don’t systematically seek

out districts with decreasing shares of disadvantaged students, or vice versa. Moreover, effects

after superintendent entry indicate that the characteristics of test takers do not change substan-

tially after the arrival of a high- versus low-value-added superintendent. My estimates are quite

small, ruling out changes larger than one percentage point in response to a one standard deviation

change in superintendent value-added.

I also confirm that my validation estimates are not driven by any one state. To do so, I estimate

my validation equation, Equation 12, 20 times, once after excluding each state individually. The

results are shown in Appendix Figure B3, which shows that my results are stable, regardless of

which state is excluded in validation.

In addition, in Appendix A, I examine how two changes to my value-added model affect my

estimates. First, I produce value-added estimates assuming no dynamics: setting ρ equal to zero

during estimation. These value-added estimates are highly correlated with those presented in the

body of this paper: the rank-rank correlation between these two series is 0.89. As such, using these

estimates in validation produces very similar results. However, the magnitude of value-added

estimates that assume away tenure dynamics is, on average, 1.9 times smaller than those in the

body of this paper. This is sensible; estimates that do not account for tenure dynamics will weight

early-tenure dynamics equal to those later in a superintendent’s tenure. Because these early-tenure

observations are less reflective of a superintendent’s full effect, estimates will generally be smaller

in magnitude than estimates with tenure dynamics.

Next, I test the degree to which a simpler model of superintendent value-added has out-of-

sample validity. To do so, I estimate a model of superintendent value-added identically to the one

described in text, with one change: I exclude cohort lagged test scores. The validation estimates

resulting from this exercise are shown in Table A1. Across all specifications, out-of-district value

added correlates positively with test score increases upon entering a new district. However, many

of these estimates are statistically insignificant, and all fail tests for forecast-unbiasedness. I con-

clude that, similar to teacher value-added (as documented in Chetty et al. (2014) and elsewhere),

including lagged test scores is essential to yielding forecast-unbiased estimates of superintendent
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value-added.

6 What Explains Management Effects?

In this section I explore potential mechanisms behind superintendent effects. I consider three po-

tential explanations, which are largely informed by the literature on education production in the

US. First, I test whether superintendent effects reflect changes in within-school test score perfor-

mance or are caused by reallocating students to different schools. Second, I test whether effective

superintendents systematically change the levels or allocation of district spending and staffing.

Finally, I test for more subtle changes in school-level staffing and curriculum, which I broadly

refer to as school practices.

6.1 Within- or Between-School Changes?

The limited work on quantifying management practices has focused primarily on quantifying dif-

ferences across schools rather than differences within the same school over time (Leaver et al.

(2019), Bloom, Lemos, Sadun and Van Reenen (2015)). Moreover, recent work argues that the

distribution of school value-added is large, and that policies that reassign students to schools

with higher value-added (via closing schools with low value-added and/or opening additional

schools) may yield large achievement gains (Angrist et al. (2017)). One such example comes from

Newark, New Jersey. In their study of school reforms that started in 2011 in Newark Public School

district, Chin et al. (2019) attribute much of the test score gains to “shifting enrollment from lower-

to higher-growth" schools. Naturally, this prompt the questions: do effective superintendents re-

alize test score gains by making changes within schools or by reallocating students across schools?

To distinguish between these two explanations, I use school-by-grade level proficiency data from

EdFacts.

With these data, I estimate two stacked difference in difference models.18 First, a model that

controls for district fixed effects and second, a model that controls for school effects. (Both models

include state-by-year-by-grade fixed effects.) To the degree that superintendent effects are driven

by the reallocation of students across schools, the latter model ought to attenuate my estimates

substantially: the inclusion of school fixed effects would control for across-school differences in

18To limit the size of the stacked dataset, I define control districts as districts in the same commuting zone and the
same state-specific quartile of 2009 proficiency.
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productivity.

My results, separately for math and reading subjects, are shown in Figure 8. Results exclud-

ing school fixed effects are shown as blue. Consistent with my results using SEDA data, I find

that effective superintendents indeed raise district test score performance upon entering a district.

Here, effect sizes suggest that a one standard deviation increase in superintendent value-added

increases proficiency rates by roughly one percentage point.

Adding school fixed effects has no effect on the magnitude of my estimated treatment effects.

These estimates are shown in yellow in Figure 8. Consistent with this result, Panel A of Table 9

shows that difference-in-difference estimates are extremely similar, regardless of whether they are

estimated with or without school fixed effects.

In Panel B of Table 9, I test for differential effects based on relative baseline (within-district)

performance. To do so, I calculate each school’s percentile within the 2009 distribution of profi-

ciency rates within the district. I interact this measure of baseline performance with my treatment

indicator. Results in Columns 1 and 3, which exclude school fixed effects, exhibit small, impre-

cise, negative coefficients. Columns 2 and 4 add school fixed effects, which generates interaction

terms that are larger in magnitude and more precise. The estimates suggest schools at the top of

the baseline district performance distribution are unaffected by top management. Put differently,

management affects lowest-performing schools the most.

Thus, I conclude that superintendents affect student achievement through within school im-

provements in test scores, rather than from shifts in enrollments across schools.

6.2 Management and District Inputs

Historically, the question of school resources and student outcomes has received substantial at-

tention from researchers (Coleman (1968), Jackson et al. (2015)). More recent work has focused

on allocation of these resources across categories of spending (Baron (2022), Brunner et al. (2020)).

Naturally, in this context, I ask whether whether effective superintendents differentially change

district-level inputs.

My estimates are shown visually in Figure 9. The top three panels of Figure 9 show the ef-

fects of superintendent test score value-added on the composition of spending. I show results

with respect to the three largest components of district budgets: instruction (which includes
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teacher salaries and benefits), support services (which includes various staff and non-staff sup-

port services, such as guidance counselors, administration, and student transportation), and capi-

tal spending (which includes building construction and maintenance). All three series show little

evidence of large effects; effect sizes are consistently insignificant and small in magnitude. The

corresponding difference-in-difference coefficients are displayed in Table 10, and rule out even

small effect sizes of 0.01, or one percent of total spending in response to a one standard deviation

change in superintendent value-added.

The bottom two panels estimate the effects of superintendent quality on levels of district re-

sources. I use two measures of district resources: the log of teachers per pupil and the log of

total spending per pupil (in 2021 dollars). While neither input appears to move systematically

following the hiring of a high- versus low-quality superintendent, I do find small negative effects

on the log of teachers per pupil: effects that increase slightly in the first three years following a

superintendent’s entry. While the estimated effect is statistically significant in Table 10, it is quite

small. As in the estimates described above, I can rule out meaningfully large effect sizes of 0.02;

approximately two percent.

In Appendix Figure B4, I show the results of a more comprehensive search for superinten-

dent effects on district finances and staffing. Across a range of different outcomes and different

measures (spending shares, spending levels, and logs of spending levels), I find little systematic

evidence of effects on district resources. What limited evidence I find is consistent with the results

above: higher value-added superintendents may induce slightly lower teachers per pupil counts.

Consistent with this result, I find some evidence that average teacher salaries increase in response

to the arrival of a higher value-added superintendent.

Still, altogether these results suggest that effective superintendents do not appear to substan-

tially change the share of resources allocated to broad types of school inputs nor the level of school

spending or staffing. These results are consistent with the “management as technology," model of

management effects: given the same inputs, effective superintendents are capable of producing

more learning than ineffective superintendents. In the section that follows, I examine whether

school practices may explain these effects.
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6.3 Management and District Practices

The analyses of district inputs above may fail to identify more subtle differences in the school op-

erations; these differences are often highlighted in management surveys. For example, the World

Management Survey’s Educational Questionnaire, used in Bloom, Lemos, Sadun and Van Reenen

(2015) to quantify management quality across a number of schools in different countries, attempts

to measure how much schools reward high performing staff, remove poor performing staff, and

“personaliz[e ...] instruction based on student needs," While these questions do not have exact

analogues in large-scale survey data, I use CRDC data to quantify staffing and curricular choices.

My results are shown visually in Figure 10. CRDC data is available only in odd-numbered

years, so my event study estimates group observations into two-year increments. Panel A of Fig-

ure 10 displays effects on teachers experience and absences. Relative to low value-added superin-

tendents, high value-added superintendents increase the share of teachers in their first or second

year of teaching. This effect is most pronounced in the first two years following a superintendent

transition, suggesting that effective superintendents may increase teacher turnover in the short

term. The precision associated with this effect varies slightly depending on weighting; district-

weighted estimates are less precise that estimated weighted by total enrollment. Still, magnitudes

are reasonably large: a one standard deviation increase in superintendent value-added increases

the share of teachers in their first year by nearly one percentage point, relative to a sample mean

of approximately 10 percent.

Effects on the rate of chronic teacher absences—defined as absent more than 10 days of the

school year—are similarly large. Increases in superintendent value-added decrease the share of

teachers who are chronically absent. In the first two years after superintendent entry, this effect

size is roughly two percentage points for every one standard deviation increase in superinten-

dent value-added: between five and 10 percent of the sample mean. I report the corresponding

difference-in-difference results in Table 11, which comport with the visual evidence in Figure 10.

Increases in superintendent value-added increase the share of inexperienced teachers and decrease

the rate of teacher absences.

In Panel B of Figure 10, I examine effects on school curricular decisions. Notably, rates of gifted

and talented programs increase in the years immediately following the arrival of a higher value-

34



added superintendent. Effects on my two other measures of curricula—indicators for algebra and

AP course offerings—show little evidence of short-run effects. (Effects on algebra are positive and

statistically significant in later years, but, given these time patterns, it is difficult to disentangle the

effect of superintendents directly versus the effect of higher levels of achievement in later years.)

Overall, these results are consistent with a large body of literature that emphasizes personnel

management as a key aspect of management (Bloom and Van Reenen (2011)), particularly in edu-

cation management. Notably, two management interventions that produced large test score gains

(Fryer Jr (2014) and Fryer et al. (2017)) both include large-scale changes in personnel or personnel

management practices. Fryer Jr (2014) conducts a intervention that “implemented a bundle of best

practices" into a set of traditional public schools in Houston, Texas. In treatment schools, “nineteen

out of twenty principals were removed and 46 percent of teachers left or were removed before the

experiment began." Similarly, Fryer et al. (2017) argues that the positive effects of a high-dosage

principal training program were driven in part by increasing the amount of time principals spent

on “investing in human capital": “meeting with teachers and school-based staff, reviewing teacher

lesson plans, [and] observing classroom instruction," among other activities.

7 Are Superintendents Rewarded for Performance?

Prior to concluding, I briefly examine whether superintendents are rewarded for performance,

either via longer tenures or through higher pay. This specific question dates back to Ehrenberg

et al. (1988), but researchers in many other domains have examined the determinants of the quality

of the public sector workforce, both within educational environments (Nagler et al. (2020)) and

elsewhere (Ferraz and Finan (2009), Dal Bó et al. (2017)).

To do so, I test whether superintendents with higher value-added estimates have longer

tenures and higher pay. Specifically, I estimate the model below.

yjd = β0 + β1µ̂jd + γXjd + ε jd, (15)

where yjd is an outcome—either tenure (in years) or the log of annual salary—for superintendent

j in district d. µ̂jd is my estimate of value-added for the same superintendent-district pair. Xjd is

a set of district level or district-by-year level covariates. β1 measures the effect of superintendent
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value-added on superintendent tenure or pay.

This setup also allows me to test for heterogeneity in the degree to which superintendents

are rewarded for performance in different types of districts. The amount of local interdistrict

competition is a natural candidate for heterogeneity analysis for two reasons.

First, the role of competition in education quality has been a pressing question for researchers

for decades (Hoxby (2000), Rothstein (2007)). More recently, advocates for charter schools (and

school choice more broadly) argue that increased competition from alternative schools will drive

improvements in the management of lower-performing public schools. To the degree that compe-

tition affects the decisions of school management, there is perhaps no single discrete decision that

draws more of the school board’s attention than selection of the school superintendent.

Expanding beyond the education realm, recent literature based on management surveys high-

lights the importance of competition in raising management quality. For instance, in a review of

survey evidence on management practices across firms and countries, Bloom and Van Reenen

(2010) conclude that, among other factors, “imperfectly competitive markets [...] allow bad man-

agement practices to persist." One case study in health care (Bloom, Propper, Seiler and Van Reenen

(2015)) suggests a causal interpretation of this relationship, but other evidence is scarce.

To measure the degree of local competition, I calculate the number of districts within a 10

mile radius of the district’s center. I then take the inverse hyperbolic sine of this value, then

standardize the measure to have mean 0 and standard deviation 1. I refer to this as the “nearby

districts index." Appendix Figure B5 shows how this value varies across districts in my sample.

Across most states (with the exception of Georgia and Virginia) urban and suburban districts have

more local competition, whereas rural districts have less. In all regressions, I control for state fixed

effects interacted with fixed effects for locale type, which takes one of 12 values indicating its

locale (“City large", “City midsize", ... “Rural remote"). The bottom panel of Figure B5 shows the

variation in my nearby districts index after residualizing on these fixed effects and rescaling. By

construction, these patterns do not vary systematically across types of locales.

My regression results are shown in Table 12. In Panel A, I test whether superintendents with

higher value-added have longer tenures. In this analysis, I restrict my data to superintendents

who were hired prior to 2014, and thus have greater potential for long tenures. Results in Col-

umn 1 show that superintendent value-added correlates positively with tenure in this sample, but
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the estimated effect is small and statistically insignificant. In Column 2, I test for an interaction

between district competition and value-added. My results indicate that a one standard deviation

increase in the amount of local competition increases tenures of superintendents with one stan-

dard deviation higher value-added by 0.06 years. Results in Column 3, which add district fixed

effects, are similar directionally, but imprecise; few schools have more than one superintendent

with value-added estimates prior to 2014.

This evidence is suggestive, in large part because the value-added estimates included as ex-

planatory variables come from the same district-superintendent combinations as my tenure data.

Using salary data—in particular, salary data from early in a superintendent’s tenure—provides a

cleaner test: first-year salaries reflect a district’s belief about the quality of their superintendent,

rather than the realized outcomes in subsequent years (which are used to produce estimates of

value-added). However, using salary data limits my sample to the three states for which such

data exist: Georgia, Pennsylvania, and Wisconsin.

Anecdotally, school boards use salaries to attract candidates who they believe are high-quality.

The Dallas Independent School District “lure[d]" Mike Moses from his job as Deputy Chancellor at

Texas Tech University with a contract that “probably made him the highest paid superintendent in

the country."19 After the board hires a superintendent, salary is often a focal point of contract nego-

tiations between the superintendent and the school board.20 Here, I test whether superintendents

with higher value-added are rewarded with higher salaries.

Panels B and C show results with respect to superintendent salaries in the year of hiring and

the year after. Results in Column 1 suggest that superintendents with higher value-added yield

two percent higher salaries in their first and second year in a district. Column 2 shows how this

varies according to district competition. Districts with higher levels of competition reward super-

intendents who are (subsequently) more effective in raising test scores. Effect sizes suggest that

the returns to value-added are 1.4 and 1.7 percent higher in districts with one standard deviation

more competition.

Finally, in Column 3 I test whether this effect shows up within districts. I do so by including

district fixed effects, meaning that my analysis compares the salaries of superintendents with dif-

19“Tying the Contract Knot," AASA, The School Superintendents Association.
20“Who Should Negotiate Your Contract?" AASA, The School Superintendents Association.
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ferent value-added estimates who worked in the same district at different times. These estimates

yield results of similar direction and magnitude: higher levels of local competition increase the

returns to superintendents with higher value-added.

In Appendix Tables B1 and B2, I perform two robustness checks for these results. First, in

Appendix Table B1, I confirm that these results hold under a number or various combinations of

fixed effects with respect to entry year, state, district, and locale type. Second, in Table B2, I test

whether my results are sensitive to the radius used to calculate the number of nearby districts.

Results in Table B2 demonstrate that distance radii of 2, 10, or 20 miles produce similar results.

At a high level, these results are consistent with a model of Tiebout competition between dis-

tricts. In more competitive areas, districts must compete more vigorously for students, whose par-

ents can more easily “vote with their feet" if a school district fails to meet their expectations. Thus,

the potential costs of managerial hiring mistakes—overpaying for a low-quality superintendent

or letting an effective superintendent leave—are greater in districts with more local competition.

This is the argument laid out in Hoxby (2000), who argues that competition causally increases

levels of achievement.

8 Conclusion

In spite of an increasing amount of academic focus on management across a number of domains,

causal evidence on the role of management in education remains scarce. In this work, I bring

new, large-scale data to bear on the question, and show that changes in school management have

significant and persistent effects on student achievement.

I explore potential mechanisms behind explaining superintendent effects, and rule out two

simple explanations related to school resources or changes in the composition of school spending.

Instead, my results support a “management as technology" interpretation; effective superinten-

dents are capable of increasing achievement without increasing inputs. I find some evidence of

changes in the working environment for teachers, supporting this interpretation.

My work highlights a number of important considerations for policy as well as avenues for

future research.

First, my results highlight the importance of incorporating dynamics in estimates of value-

added in managerial contexts, and suggest that researchers ought to consider these dynamics
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when estimating value-added in similar contexts. The presence of these dynamics, in combina-

tion with the relatively short tenures of many superintendents, suggests that school boards may

be wise to scale their evaluations of superintendent quality in proportion to the length of a super-

intendent’s tenure in a district. The estimates in this paper suggest that outcomes in a superinten-

dent’s first year are relatively uninformative about their long-term effect on district outcomes.

Second, my heterogeneity analyses point to managerial flexibility as potentially important

in amplifying the effect of management in education. Whether such amplification generates ef-

ficiency gains through better identification of effective or ineffective managers may be a fruitful

question in future work. Regardless, policy interventions aimed at improving management qual-

ity are likely to be most effective in settings where managers have relatively more flexibility.

Finally, my results with respect to superintendent tenures and salary suggest one avenue

through which competition in education (and perhaps competition more broadly) may contribute

to gains in productivity: through a more efficient market for management.
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Figures and Tables

Figure 1: Location of Districts in Superintendent Roster Data

Non−Sample Districts Sample Districts 2014 Enrollment 1000 10000 100000

Source: Superintendent Roster Data; NCES Common Core of Data
Notes: Figure displays the location of sample and non-sample districts in states that appear in superin-
tendent roster data. Sample districts are displayed in black and non-sample districts are displayed in blue.
Sizes are proportional to 2014 enrollments.

43



Figure 2: Effect of ρ on District Outcomes
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Notes: Figure displays the predicted effect of a sustained one unit increase in superintendent value-added
under different values of ρ.
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Figure 3: Illustration of Estimation and Validation Approach
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Notes: Figure illustrates the approach used to estimate and validate superintendent value-added.
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Figure 4: Distribution of ρ̂ and Superintendent Value-Added Estimates
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Notes: Figure summarizes the distribution of estimated superintendent value-added parameters. Panel A
displays the bootstrap distribution of ρ, based on the bootstrapping procedure described in text. Panel B
summarizes the distribution of estimated superintendent value-added.
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Figure 5: Policy Effect Size Comparisons
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Source: Hanushek and Rivkin (2010); Jackson and Mackevicius (2021); Superintendent Roster Data; SEDA
Data
Notes: Figure compares the effects of hypothetical policy changes on average district test scores as a func-
tion of district enrollment. In Panel A displays the predicted effect of replacing 20 teachers with teachers
with one standard deviation higher value added. Lower and upper bound estimates of the standard devi-
ation of teacher value added are 0.11 and 0.15, based on estimates in Hanushek and Rivkin (2010). Panel
B displays the predicted effect of a $1 million spending increase. Upper and lower bounds of the effect of
$1,000 in district spending per pupil are -0.00725 to 0.07767, based on estimates in Jackson and Mackevicius
(2021). The dashed horizontal line displays the predicted effect of a one standard deviation increase in su-
perintendent value-added, based on estimates described in text.
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Figure 6: Evolution of District Test Scores Surrounding Superintendent Entry
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Source: Superintendent Roster Data; SEDA Data
Notes: Figure displays event study estimates of the effect of (out-of-district) superintendent value-
added estimates on test scores. Displayed coefficients correspond to βk in Equation 13 and are produced
using the stacked difference-in-difference procedure described in text. Panel A uses raw value-added
estimates to estimate dynamic effects, where forecast-unbiased estimates will converge to 1. Panel B
uses value-added estimates scaled to be mean zero and standard deviation one to estimate dynamic
effects. Panel C uses percentiles of value-added estimates to estimate dynamic effects. Units are student
test score standard deviations. Standard errors are clustered by district. Bands display 95 percent
confidence intervals.
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Figure 7: Heterogeneous Effects of Superintendent Value-Added
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Notes: Figure displays difference-in-difference estimates of the effect of (out-of-district) superintendent
value-added estimates on test scores. Displayed coefficients correspond to β in Equation 14 and are
produced using the stacked difference-in-difference procedure described in text. Rows indicate subsets
of districts in test score data and point estimates reflect estimates for different student subgroups within
these districts. Large districts are defined as districts with above-median average district-by-grade en-
rollment (122) in test score data. District with high baseline achievement are defined as districts with
2009 average district scores above nationally-normed means. High union districts are identified as dis-
tricts in the 10 sample states with the highest union strength index in Brunner et al. (2020). These states
are (in order of highest to lowest union power): Oregon, Pennsylvania, California, New Jersey, Illinois,
New York, Ohio, Michigan, Connecticut, and Wisconsin. The remaining (low union power) sample
states are, in order: Nebraska, Iowa, Indiana, Kansas, Missouri, Oklahoma, Texas, Virginia, Arkansas,
and Georgia. Standard errors are clustered by district. Horizontal bands and vertical ticks display 95
and 90 percent confidence intervals, respectively.
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Figure 8: School-Level Effects of Superintendent Value-Added
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Source: Superintendent Roster Data; SEDA Data; EdFacts Test Score Data
Notes: Figure displays event study estimates of the effect of (out-of-district) superintendent value-
added estimates on school level proficiency rates, with and without school fixed effects. Superintendent
value-added is scaled to be mean 0 and standard deviation 1. Standard errors are clustered by district.
Bands display 95 percent confidence intervals.
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Figure 9: Dynamic Effect of Superintendent VA on District Inputs
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Source: Superintendent Roster Data; SEDA Data; NCES Common Core of Data
Notes: Figure displays event study estimates of the effect of (out-of-district) superintendent value-
added estimates on district inputs. Displayed coefficients correspond to βk in Equation 13 and are
produced using the stacked difference-in-difference procedure described in text. Superintendent value-
added is scaled to be mean 0 and standard deviation 1. Total spending per pupil is in 2021 dollars.
Standard errors are clustered by district. Bands display 95 percent confidence intervals.
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Figure 10: Dynamic Effect of Superintendent VA on District Practices

% Teachers 1st or 2nd Year % Teachers Absent

−4 −2 0 2 4 −4 −2 0 2 4

−0.04

−0.02

0.00

0.02

Years Since Superintendent Entry

E
ffe

ct
 o

f S
up

er
in

te
nd

en
t

Te
st

 S
co

re
 V

A

District−Weighted Enrollment−Weighted

Panel A: Effects on Teachers

Gifted & Talented Program Has Algebra Classes Has AP Classes

−4 −2 0 2 4 −4 −2 0 2 4 −4 −2 0 2 4

−0.025

0.000

0.025

0.050

Years Since Superintendent Entry

E
ffe

ct
 o

f S
up

er
in

te
nd

en
t

Te
st

 S
co

re
 V

A

Panel B: Effects on Practices

Source: Superintendent Roster Data; SEDA Data; CRDC Data
Notes: Figure displays event study estimates of the effect of (out-of-district) superintendent value-
added estimates on district practices. Displayed coefficients correspond to βk in Equation 13 and are
produced using the stacked difference-in-difference procedure described in text. Superintendent value-
added is scaled to be mean 0 and standard deviation 1. District-weighted estimates weight each school
level observation by it proportion of district enrollments in each year. Enrollment-weighted estimates
weight each school level observation by total enrollment. Chronically absent teachers are teachers who
are absent more than 10 days of the school year. Standard errors are clustered by district. Bands display
95 percent confidence intervals.
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Table 1: State Superintendent Coverage in 2014

Enrollments Districts
State Total (000s) Covered (%) Total Covered (%)

Arkansas 490.9 95.5 254 88.6
California 6235.5 88.5 923 80.2

Connecticut 542.6 89.8 193 64.8
Georgia 1744.4 86.4 199 75.9
Illinois 2050.2 71 837 59
Indiana 1046.2 95.8 375 76.5

Iowa 505.3 98.9 335 94.6
Kansas 497.3 96.9 282 84.8

Michigan 1537.9 83.8 831 59.8
Missouri 919 93.1 521 79.5
Nebraska 312.6 96.3 240 78.3

New Jersey 1400.5 94.7 602 78.1
New York 2741.2 58.4 949 68

Ohio 1724.8 91.7 915 65.9
Oklahoma 688.5 95.5 509 83.9

Oregon 585.5 96.8 173 89
Pennsylvania 1743.2 84.8 701 65

Texas 5233.8 95.3 1191 75.9
Virginia 1280.4 96.3 133 93.2

Wisconsin 871.4 90 440 81.1

United States 50631 55.5 16644 47

Source: Superintendent Roster Data; NCES Common Core of Data
Notes: Table summarizes the coverage of superintendent roster data. All data as of 2014. “Covered"
districts are those for which I observe a superintendent in 2014. “Total" columns reflect data for all
districts with positive enrollment in 2014. Appendix Figure C1 displays counts by state and year.
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Table 2: District Summary Statistics

District-Weighted Enrollment-Weighted

All Dists. Sample Dists. All Dists. Sample Dists.

Panel A: District Characteristics Data (as of 2014)

Enrollment 3041.99 3592.18 46877.02 42691.79
(11547.9) (11852.03) (99956.14) (108435.15)

Number of Schools 6.06 6.73 77.48 63.64
(20.23) (17.63) (190.53) (168.27)

Total Staff 349.2 406.7 5029.89 4489.62
(1279.91) (1282.04) (10495.4) (10994.29)

Total Teachers 173.53 196.38 2617.82 2208.51
(672.04) (633.33) (5432.94) (5140.94)

Unique Districts 16644 7818 16644 7818

Panel B: Test Scores Data (as of 2014)

Math 0.479 0.469 0.473 0.458
(0.5) (0.499) (0.499) (0.498)

Grade 5.989 5.999 6.022 6.028
(1.344) (1.334) (1.347) (1.329)

Mean Score -0.002 0.012 -0.01 -0.012
(0.388) (0.383) (0.369) (0.399)

% Asian 0.019 0.021 0.048 0.056
(0.048) (0.052) (0.081) (0.087)

% Black 0.089 0.066 0.162 0.133
(0.178) (0.141) (0.196) (0.178)

% Hispanic 0.145 0.159 0.254 0.299
(0.213) (0.226) (0.256) (0.281)

% Reduced Lunch 0.083 0.083 0.073 0.073
(0.048) (0.039) (0.042) (0.034)

% Free Lunch 0.44 0.43 0.469 0.468
(0.208) (0.203) (0.212) (0.228)

No. Students Tested 345.641 296.972 3259.034 2934.033
(1003.496) (884.958) (6504.892) (7095.524)

Unique Districts 9116 6530 9116 6530

Panel C: Finance Data (as of 2014)

Total Spending PP 16752.625 16422.296 15424.189 15690.677
(8721.248) (7376.872) (5992.726) (5660.998)

Capital Share of Spending 0.073 0.071 0.09 0.078
(0.096) (0.087) (0.083) (0.074)

Inst. Share of Spending 0.519 0.523 0.517 0.52
(0.086) (0.077) (0.071) (0.069)

Sup. Services Share of Spending 0.308 0.302 0.297 0.296
(0.066) (0.053) (0.049) (0.044)

Unique Districts 13333 7776 13333 7776

Source: Superintendent Roster Data; NCES Common Core of Data; SEDA Data
Notes: Table displays summary statistics as of 2014 for all districts in the US as well as districts that
appear in superintendent roster data.
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Table 3: Average District Practices by Year (Sample Districts)

2009 2011 2013 2015 2017

Panel A: Primary Schools

Has Algebra Classes 0.061 0.090 0.084 0.083 0.060
Gifted & Talented Program 0.728 0.672 0.661 0.646 0.654

Has AP Classes 0.007 0.013 0.014 0.016 0.006
% Teachers Absent 0.349 0.280 0.264 0.277 0.298

% Teachers 1st or 2nd Year 0.087 0.079 0.103 0.117 0.107

Unique Schools 24, 140 30, 665 30, 246 30, 752 30, 029
Unique Districts 3, 813 7, 701 7, 718 7, 771 7, 798

Panel B: Middle Schools

Has Algebra Classes 0.772 0.761 0.740 0.720 0.748
Gifted & Talented Program 0.801 0.746 0.741 0.747 0.742

Has AP Classes 0.002 0.002 0.002 0.001 0.003
% Teachers Absent 0.359 0.286 0.267 0.280 0.301

% Teachers 1st or 2nd Year 0.098 0.085 0.106 0.119 0.112

Unique Schools 6, 707 9, 359 9, 281 9, 301 9, 202
Unique Districts 3, 066 5, 360 5, 324 5, 325 5, 395

Panel C: High Schools

Has Algebra Classes 0.937 0.948 0.955 0.945 0.949
Gifted & Talented Program 0.607 0.579 0.584 0.598 0.604

Has AP Classes 0.723 0.682 0.679 0.682 0.670
% Teachers Absent 0.312 0.257 0.238 0.252 0.269

% Teachers 1st or 2nd Year 0.097 0.086 0.103 0.109 0.103

Unique Schools 6, 087 9, 497 9, 468 9, 537 10, 157
Unique Districts 3, 344 6, 278 6, 236 6, 249 6, 534

Source: Superintendent Roster Data; CRDC Data
Notes: Table displays averages of school practices among schools in districts that appear in superin-
tendent roster data. Chronically absent teachers are teachers who are absent more than 10 days of the
school year.
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Table 4: Superintendent Turnover

Statistic N Mean St. Dev. Min Median Max

Panel A: District-Level

Superintendent Tenures 7,822 2.747 1.486 1 2 11

Panel B: Superintendent-Level

Unique Districts 18,734 1.131 0.385 1 1 5
Fraction > 1 District 18,734 0.117 0.321 0 0 1

Panel C: Superintendent-Level (Superintendents Employed in 2008)

Unique Districts 4,900 1.205 0.479 1 1 5
Fraction > 1 District 4,900 0.176 0.381 0 0 1

Panel D: Superintendent-by-District Level

Tenure Duration (Years) 21,197 3.48 2.51 1 3 11
Mean Salary 2,604 159,166.10 48,067.02 17,393.72 151,327.20 584,945.80

Source: Superintendent Roster Data
Notes: Table summarizes superintendent turnover in my superintendent roster data. Data is restricted
to years 2008 to 2018. Unique superintendents are identified based on the record linking algorithm
described briefly in text and in detail in Appendix D. Superintendent salaries are in 2021 dollars.
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Table 5: Characterizing Superintendent Transitions

Exiting Entering
District District Difference N

log(Enrollment) 7.187 7.476 0.289∗∗∗ 2080
(1.085) (1.141) (0.023)

Enrollment 2711.896 3752.272 1040.376∗∗∗ 2080
(5431.689) (7293.537) (139.636)

No. of Schools 5.592 6.910 1.318∗∗∗ 2080
(7.991) (9.696) (0.187)

% URM Students 0.204 0.226 0.022∗∗∗ 2080
(0.253) (0.263) (0.005)

Salary (2021$, 000s) 149.502 159.097 9.595∗∗∗ 219
(31.32) (38.11) (2.148)

log(Salary (2021$)) 11.892 11.946 0.054∗∗∗ 219
(0.221) (0.261) (0.017)

Mean Test Score 0.007 0.024 0.017∗∗ 1571
(0.309) (0.342) (0.008)

Mean Cohort Change in Test Score 0.001 0.000 -0.001 1571
(0.114) (0.109) (0.004)

Source: Superintendent Roster Data; NCES Common Core of Data; SEDA Data
Notes: Table compares characteristics of exiting and entering districts involved in superintendent trans-
fers. Difference column displays the coefficients and standard errors from a linear regression on a
stacked dataset in which each transition appears in two rows, each row representing either the exiting
or entering district. Coefficients reflect estimated differences between exiting districts and entering dis-
tricts after controlling for transition fixed effects and standard errors are clustered by district. *** p <
0.01, ** p < 0.05, * p < 0.1.
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Table 6: Superintendent Tenure and Changes in School Practices

(1) (2) (3)

Panel A: |Algebrai,t −Algebrai,t−2|
Superintendent Tenure −0.00168∗∗∗ −0.00128∗∗ −0.00129∗∗

(0.00048) (0.00054) (0.00054)

Observations 162,961 162,961 162,961
R2 0.08392 0.31662 0.53771

Panel B: |AP Classesi,t −AP Classesi,t−2|
Superintendent Tenure −0.00052 −0.00006 −0.00010

(0.00032) (0.00041) (0.00041)

Observations 162,961 162,961 162,961
R2 0.10261 0.29246 0.54513

Panel C: |Gifted & Talentedi,t −Gifted & Talentedi,t−2|
Superintendent Tenure −0.00150∗∗ −0.00120 −0.00124

(0.00063) (0.00083) (0.00084)

Observations 162,961 162,961 162,961
R2 0.05558 0.30232 0.49316

Panel D: |% Absent Teachersi,t −% Absent Teachersi,t−2|
Superintendent Tenure −0.00174∗∗∗ −0.00089∗ −0.00096∗∗

(0.00037) (0.00048) (0.00048)

Observations 162,961 162,961 162,961
R2 0.03299 0.32794 0.47425

Panel E: % Inexperienced Teachers
Superintendent Tenure −0.00155∗∗∗ −0.00035 −0.00041

(0.00024) (0.00026) (0.00026)

Observations 217,896 217,896 217,896
R2 0.06417 0.30078 0.42869
State-by-Year-by-Level FEs Y Y Y
District FEs N Y Y
School FEs N N Y

Source: Superintendent Roster Data; CRDC Data
Notes: Table displays estimates of the relationship between superintendent tenure and the likelihood of
school practices changing between consecutive CRDC surveys. Displayed coefficients are β1 in Equa-
tion 1. Chronically absent teachers are teachers who are absent more than 10 days of the school year.
Standard errors are clustered by district. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 7: VA Validation

Assuming µ+ = 0 Assuming µ+ = µj

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

∆θdt 1.375∗ 1.413∗ 1.027∗ 2.056∗∗∗ 1.940∗∗∗ 1.329∗∗∗

(0.824) (0.800) (0.545) (0.719) (0.702) (0.456)

Lagged Score 0.462∗∗∗ 0.462∗∗∗

(0.006) (0.006)

p-value: ∆θdt = 0 0.095 0.077 0.059 0.004 0.006 0.004
p-value: ∆θdt = 1 0.649 0.605 0.960 0.142 0.180 0.471
Base Controls N Y Y N Y Y
Lagged Score Controls N N Y N N Y
No. Entry Events 1497 1497 1497 1497 1497 1497
Observations 108,585 108,585 108,585 108,585 108,585 108,585
R2 0.714 0.717 0.778 0.715 0.717 0.778

Source: Superintendent Roster Data; SEDA Data
Notes: Table displays estimates validating superintendent value-added using Equation 12. ∆θ̂ is the pre-
dicted change in test scores (based on out-of-district value-added estimates). µ+ denotes the assumed
value-added of superintendents in the years following a superintendent’s exit. Standard errors are clus-
tered by district. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 8: VA Difference-in-Differences Estimates (Discrete VA)

(1) (2) (3)

Post −0.021∗∗ −0.020∗∗ −0.014∗∗∗

(0.008) (0.008) (0.005)

VA Quartile 2 × Post 0.012 0.013 0.011
(0.011) (0.011) (0.007)

VA Quartile 3 × Post 0.018∗ 0.017 0.009
(0.010) (0.010) (0.007)

VA Quartile 4 × Post 0.024∗∗ 0.024∗∗ 0.015∗∗

(0.011) (0.010) (0.007)

Lagged Score 0.494∗∗∗

(0.004)

Base Controls N Y Y
Lagged Score Controls N N Y
No. Entry Events 1497 1497 1497
Observations 5,426,782 5,426,782 5,426,782

Source: Superintendent Roster Data; SEDA Data
Notes: Table displays difference-in-differences estimates of the effect of (out-of-district) superintendent
value-added estimates on test scores. Discrete groups reflect quartiles of the distribution of superintendent
value added. Displayed coefficients are produced using the stacked difference-in-difference procedure de-
scribed in text. Units are student test score standard deviations. Standard errors are clustered by district.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 9: School Fixed Effects Validation Estimates

Math % Proficient Reading % Proficient
Panel A: Baseline Estimates

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

Post × VA 0.337∗∗∗ 0.319∗∗ 0.182 0.190
(0.129) (0.133) (0.153) (0.154)

District FEs Y Y Y Y
School FEs N Y N Y
Observations 1,267,522 1,267,522 1,267,522 1,267,522
R2 0.820 0.903 0.840 0.908

Panel B: Heterogeneous Estimates

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

Post × VA 0.493∗∗ 0.873∗∗∗ 0.420∗ 0.532∗∗

(0.222) (0.201) (0.220) (0.216)

Post × VA × Base Pctile −0.174 −0.925∗∗∗ −0.476 −0.739∗

(0.408) (0.347) (0.411) (0.401)

District FEs Y Y Y Y
School FEs N Y N Y
Observations 1,147,185 1,147,185 1,147,185 1,147,185
R2 0.830 0.914 0.841 0.911

Source: Superintendent Roster Data; SEDA Data; EdFacts Test Score Data
Notes: Table displays difference-in-differences estimates of the effect of (out-of-district) superintendent
value-added estimates on school level proficiency rates, with and without school fixed effects. Superinten-
dent value-added is scaled to be mean 0 and standard deviation 1. “Base Pctile" refers to the within-district
percentile of each school in 2009, ranging from 0 to 1. Standard errors are clustered by district. *** p < 0.01,
** p < 0.05, * p < 0.1.
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Table 10: Effect of Superintendent VA on District Inputs

Share of Spending on log(Total log(
Inst. Sup. Services Capital Spend. PP) Teachers PP)

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

VA × Post −0.001 −0.002∗ 0.001 −0.0003 −0.005∗

(0.002) (0.001) (0.002) (0.004) (0.003)

No. Entry Events 1497 1497 1497 1497 1497
Observations 1,394,207 1,394,207 1,394,207 1,385,173 1,385,207
R2 0.588 0.652 0.237 0.855 0.842

Source: Superintendent Roster Data; SEDA Data; NCES Common Core of Data
Notes: Table displays difference-in-differences estimates of the effect of (out-of-district) superintendent
value-added estimates on district inputs. Displayed coefficients correspond to β in Equation 14 and are
produced using the stacked difference-in-difference procedure described in text. Superintendent value-
added is scaled to be mean 0 and standard deviation 1. Total spending per pupil is in 2021 dollars.
Standard errors are clustered by district. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 11: Effect of Superintendent VA on District Practices

Share of Teachers: School Has:
1st/2nd Year Absent Gift./Tal. AP Class Algebra Class

District-Weighted Estimates

VA × Post 0.004 −0.014∗∗∗ 0.016∗∗ −0.001 0.008∗

(0.003) (0.004) (0.007) (0.004) (0.004)

No. Entry Events 1389 1389 1389 1389 1389
Observations 2,643,858 2,643,858 2,643,858 2,643,858 2,643,858
R2 0.609 0.543 0.799 0.935 0.880

Enrollment-Weighted Estimates

VA × Post 0.006∗ −0.017∗∗ 0.004 0.001 0.006
(0.004) (0.008) (0.009) (0.003) (0.006)

No. Entry Events 1389 1389 1389 1389 1389
Observations 2,643,858 2,643,858 2,643,858 2,643,858 2,643,858
R2 0.543 0.453 0.783 0.968 0.910

Source: Superintendent Roster Data; SEDA Data; CRDC Data
Notes: Table displays difference-in-differences estimates of the effect of (out-of-district) superintendent
value-added estimates on district practices. Displayed coefficients correspond to β in Equation 14 and
are produced using the stacked difference-in-difference procedure described in text. Superintendent
value-added is scaled to be mean 0 and standard deviation 1. District-weighted estimates weight each
school level observation by it proportion of district enrollments in each year. Enrollment-weighted
estimates weight each school level observation by total enrollment. Chronically absent teachers are
teachers who are absent more than 10 days of the school year. Standard errors are clustered by district.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 12: Superintendent Careers, VA, and District Characteristics

(1) (2) (3)

Panel A: Tenure and Value-Added
Sample: All Superintendents Hired Pre-2014
DV: Tenure

VA 0.042 (0.034) 0.049 (0.034) 0.013 (0.056)
Nearby Districts Index 0.038 (0.056) (0.000)
Nearby Districts Index × VA 0.059∗ (0.033) 0.044 (0.057)

State-by-Entry Year-by-Loc. Type FEs Y Y Y
District FEs N N Y
Observations 6,825 6,825 6,825
R2 0.172 0.173 0.943

Panel B: Year-0 Pay and Value-Added
Sample: All Superintendents with Salary Data
DV: log(Salary) in Year 0

VA 0.021∗∗ (0.008) 0.021∗∗∗ (0.008) −0.001 (0.011)
Nearby Districts Index 0.034∗∗ (0.015) (0.000)
Nearby Districts Index × VA 0.014∗ (0.008) 0.002 (0.010)

State-by-Entry Year-by-Loc. Type FEs Y Y Y
District FEs N N Y
Observations 1,253 1,253 1,253
R2 0.504 0.509 0.868

Panel C: Year-1 Pay and Value-Added
Sample: All Superintendents with Salary Data
DV: log(Salary) in Year 1

VA 0.020∗∗ (0.008) 0.021∗∗∗ (0.008) −0.012 (0.014)
Nearby Districts Index 0.034∗∗ (0.014) (0.000)
Nearby Districts Index × VA 0.017∗ (0.009) 0.013 (0.010)

State-by-Entry Year-by-Loc. Type FEs Y Y Y
District FEs N N Y
Observations 1,253 1,253 1,253
R2 0.535 0.541 0.919

Source: Superintendent Roster Data; SEDA Data
Notes: Table displays estimates of the relationship between value-added and tenure (in Panel A) and
value-added and salary (in Panels B and C). Superintendent value-added is scaled to be mean 0 and
standard deviation 1. Nearby districts index is calculated based on the number of districts within a 10
mile radius and is scaled to be mean 0 and standard deviation 1. Superintendent salaries are in 2021
dollars. Standard errors are clustered by district. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Appendix A Additional Value-Added Estimates

A.1 Value-Added without Dynamics

In this subsection, I show the estimates produced by a model of superintendent value-added that

does not include tenure dynamics. Specifically, I estimate a model setting ρ equal to zero, which

assumes that managerial effects are realized immediately after a superintendent enters a district.

In all other respects, this model is identical to the model that produces my main estimates.

I summarize the results of this model by comparing value-added estimates to my main esti-

mates and by validating these estimates using superintendent transitions. In Appendix Figure A1,

I show how these value-added estimates compare to the main estimates used in the body of the

paper. Panel A of Appendix Figure A1 shows that these estimates are strongly correlated with my

main estimates. However, the distribution of these estimates is much smaller; linear regression

estimates whos that, on average, they are 2.5 times smaller. In Panel B of Appendix Figure A1, I

show the rank-rank plot of these two series. The estimated rank-rank correlation is 0.95.

In Appendix Figure A3, I replicate Figure 6 using these estimates of value-added without

dynamics. Panels A and B show the dynamic effect of a one standard deviation of 100 percentile

points of superintendent value added, respectively. Consistent with the estimates shown in Figure

6, these estimates suggest that a one standard deviation improvement in superintendent value-

added increases district test scores by 0.01 to 0.02 standard deviations, and a 100 percentil im-

provement increases test scores by 0.02 to 0.05 standard deviations.

A.2 Value-Added Excluding Lagged Scores

In this subsection, I show the estimate and validate a model of superintendent value-added that

excludes lagged cohort test scores. In all other respects, this model is identical to the model that

produces my main estimates.

Figure A2 replicates Figure 4, displaying the distribution of boostrap estimates of ρ in Panel A

and the estimated distribution of value-added in Panel B. Estimates of ρ are centered around 0.60.

The distribution of these value-added estimates is much larger than that of my main estimates; the

standard deviation is 0.036. Table A1 displays estimates of Equation 12 with these value-added

estimates that exclude lagged cohort test scores. Overall, point estimates are positive, suggest-
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ing that the entry of a high value-added superintendent corresponds to increases in test scores.

However, the estimates are much less than one, and fail my test for forecast-unbiasedness across

a number of different specifications.
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Figure A1: Test Score VA with Dynamics vs. Test Score VA without Dynamics
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Source: Superintendent Roster Data; SEDA Data
Notes: Figure displays the relationship between superintendent test score value-added estimated with-
out dynamics (on the horizontal axis) and superintendent test score value-added estimated with dy-
namics (on the vertical axis). Displayed coefficients represent the coefficients of a bivariate regression
of the displayed series. Dashed line corresponds to the 45-degree line.
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Figure A2: Distribution of ρ̂ and Superintendent Value-Added Estimates (No Lagged
Score VA)

Mean Estimate: 0.672

Median Estimate: 0.674
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Source: Superintendent Roster Data; SEDA Data
Notes: Figure summarizes the distribution of estimated superintendent value-added parameters, for
value-added estimated without lagged scores. Panel A displays the bootstrap distribution of ρ, based
on the bootstrapping procedure described in text. Panel B summarizes the distribution of estimated
superintendent value-added
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Figure A3: Evolution of District Graduation Rates Surrounding Superintendent Entry
(Test Score VA Estimated without Dynamics)
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Source: Superintendent Roster Data; SEDA Data
Notes: Figure displays event study estimates of the effect of (out-of-district) superintendent value-
added estimates on test scores. Displayed coefficients correspond to βk in Equation 13 and are pro-
duced using the stacked difference-in-difference procedure described in text. Panel A uses value-added
estimates scaled to be mean zero and standard deviation one to estimate dynamic effects. Panel B uses
percentiles of value-added estimates to estimate dynamic effects. Units are student test score standard
deviations. All estimates use value-added estimates produced without dynamics, as described in text.
Standard errors are clustered by district. Bands display 95 percent confidence intervals.
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Table A1: VA Validation (No Lagged Score VA)

Assuming µ+ = 0 Assuming µ+ = µj

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

∆θdt 0.203 0.221 0.205 0.437∗ 0.389∗ 0.288∗∗

(0.257) (0.249) (0.164) (0.238) (0.229) (0.146)

Lagged Score 0.462∗∗∗ 0.462∗∗∗

(0.006) (0.006)

p-value: ∆θdt = 0 0.431 0.375 0.210 0.066 0.089 0.049
p-value: ∆θdt = 1 0.002 0.002 <0.001 0.018 0.008 <0.001
No. Entry Events 1497 1497 1497 1497 1497 1497
Base Controls N Y Y N Y Y
Lagged Score Controls N N Y N N Y
Observations 108,585 108,585 108,585 108,585 108,585 108,585
R2 0.714 0.717 0.778 0.714 0.717 0.778

Source: Superintendent Roster Data; SEDA Data
Notes: Table displays estimates validating superintendent value-added using Equation 12. ∆θ̂ is the pre-
dicted change in test scores (based on out-of-district value-added estimates). Value-added is calculated
excluding lagged cohort test scores, but is otherwise identical to the model described in text. µ+ denotes
the assumed value-added of superintendents in the years following a superintendent’s exit. Standard errors
are clustered by district. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Appendix B Supplemental Figures and Tables

Figure B1: Distribution of District Level Year-over-Year Cohort Changes in Test Scores
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Source: SEDA Data
Notes: Figure displays the distribution of raw year-over-year cohort changes in district tests scores,
separately for all districts in the US and for states in superintendent data. Districts with fewer than
1,000 students in test score data between 2009 and 2018 are excluded. Units are student test score
standard deviations.
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Figure B2: Effect of Superintendent VA on Demographics of District Test-Takers
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Notes: Figure displays event study estimates of the effect of (out-of-district) superintendent value-
added estimates on demographics of test-takers in SEDA data. Displayed coefficients correspond to
βk in Equation 13 and are produced using the stacked difference-in-difference procedure described in
text. Superintendent value-added is scaled to be mean 0 and standard deviation 1. Standard errors are
clustered by district. Bands display 95 percent confidence intervals.
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Figure B3: VA Validation: Sensitivity to State Omission
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Source: Superintendent Roster Data; SEDA Data
Notes: Figure displays estimates validating superintendent value-added using Equation 12. Each row
corresponds to estimates that exclude observations from the identified state. For each state, separate
estimates place different assumptions on the assumed value-added of superintendents in the years
following a superintendent’s exit. Standard errors are clustered by district. Bands display 95 percent
confidence intervals.
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Figure B4: Effect of Superintendent VA on District Inputs
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Source: Superintendent Roster Data; SEDA Data; NCES Common Core of Data
Notes: Figure displays difference-in-differences estimates of the effect of (out-of-district) superinten-
dent value-added estimates on district inputs. Displayed t-statistics correspond to t-statistics on β in
Equation 14 and are produced using the stacked difference-in-difference procedure described in text.
Point estimates and confidence 95 percent confidence intervals are shown on the right. Superintendent
value-added is scaled to be mean 0 and standard deviation 1. Standard errors are clustered by district.
All per pupil spending figures are in 2021 dollars.
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Figure B5: Geographic Distribution of Nearby Districts Index
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Source: Superintendent Roster Data; NCES Common Core of Data
Notes: Figure displays the geographic distribution of my nearby districts index, which is calculated
based on the number of districts within a 10 mile radius and is scaled to be mean 0 and standard
deviation 1. Residualized values in the bottom map are residualized based on state-by-locale type fixed
effects, and are rescaled to be mean 0 and standard deviation 1. Districts that do not appear in my
superintendents roster data are not displayed.
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Table B1: Superintendent Careers, VA, and District Characteristics (Sensitivities to Fixed-Effects)

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

Panel A: Tenure and Value-Added
Sample: All Superintendents Hired Pre-2014
DV: Tenure

VA 0.030 (0.032) 0.032 (0.032) 0.033 (0.032) 0.049 (0.034) 0.013 (0.056) −0.006 (0.061)
Nearby Districts Index 0.032 (0.035) 0.035 (0.035) 0.006 (0.050) 0.038 (0.056) (0.000) (0.000)
Nearby Districts Index × VA 0.044 (0.031) 0.048 (0.031) 0.050 (0.031) 0.059∗ (0.033) 0.044 (0.057) 0.067 (0.061)

Observations 6,825 6,825 6,822 6,825 6,825 6,825
R2 0.060 0.078 0.081 0.173 0.943 0.960

Panel B: Year-0 Pay and Value-Added
Sample: All Superintendents with Salary Data
DV: log(Salary) in Year 0

VA 0.010 (0.010) 0.010 (0.010) 0.021∗∗ (0.008) 0.021∗∗∗ (0.008) −0.001 (0.011) −0.002 (0.012)
Nearby Districts Index 0.134∗∗∗ (0.012) 0.134∗∗∗ (0.012) 0.020 (0.013) 0.034∗∗ (0.015) (0.000) (0.000)
Nearby Districts Index × VA 0.015 (0.009) 0.014 (0.009) 0.012 (0.008) 0.014∗ (0.008) 0.002 (0.010) 0.001 (0.011)

Observations 1,253 1,253 1,253 1,253 1,253 1,253
R2 0.241 0.254 0.410 0.509 0.868 0.903

Panel C: Year-1 Pay and Value-Added
Sample: All Superintendents with Salary Data
DV: log(Salary) in Year 1

VA 0.009 (0.009) 0.008 (0.009) 0.019∗∗ (0.008) 0.021∗∗∗ (0.008) −0.015 (0.011) −0.012 (0.014)
Nearby Districts Index 0.133∗∗∗ (0.011) 0.133∗∗∗ (0.011) 0.017 (0.012) 0.034∗∗ (0.014) (0.000) (0.000)
Nearby Districts Index × VA 0.021∗∗ (0.009) 0.021∗∗ (0.009) 0.019∗∗ (0.008) 0.017∗ (0.009) 0.016∗ (0.008) 0.013 (0.010)

State FEs Y N N N N N
Entry Year FEs Y N N N N N
State-by-Entry Year FEs N Y Y N Y N
Loc. Type FEs N N Y N N N
State-by-Entry Year-by-Loc. Type FEs N N N Y N Y
District FEs N N N N Y Y
Observations 1,253 1,253 1,253 1,253 1,253 1,253
R2 0.258 0.263 0.432 0.541 0.890 0.919

Source: Superintendent Roster Data; SEDA Data
Notes: Table displays estimates of the relationship between value-added and tenure (in Panel A) and value-added and salary (in Panels B and C).
Superintendent value-added is scaled to be mean 0 and standard deviation 1. Nearby districts index is calculated based on the number of districts
within a 10 mile radius and is scaled to be mean 0 and standard deviation 1. Superintendent salaries are in 2021 dollars. Standard errors are clustered
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by district. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table B2: Superintendent Careers, VA, and District Characteristics (Sensitivities to
Nearby Distance Radius)

(1) (2) (3)
Distance Radius: 2 Miles 10 Miles 20 Miles

Panel A: Tenure and Value-Added
Sample: All Superintendents Hired Pre-2014
DV: Tenure

VA 0.042 (0.034) 0.049 (0.034) 0.053 (0.034)
Nearby Districts Index 0.012 (0.035) 0.038 (0.056) −0.017 (0.056)
Nearby Districts Index × VA 0.013 (0.029) 0.059∗ (0.033) 0.079∗∗ (0.034)

Observations 6,825 6,825 6,825
R2 0.172 0.173 0.173

Panel B: Year-0 Pay and Value-Added
Sample: All Superintendents with Salary Data
DV: log(Salary) in Year 0

VA 0.024∗∗∗ (0.008) 0.021∗∗∗ (0.008) 0.021∗∗∗ (0.008)
Nearby Districts Index 0.016 (0.011) 0.034∗∗ (0.015) 0.050∗∗∗ (0.014)
Nearby Districts Index × VA 0.028∗∗∗ (0.010) 0.014∗ (0.008) 0.010 (0.009)

Observations 1,253 1,253 1,253
R2 0.508 0.509 0.514

Panel C: Year-1 Pay and Value-Added
Sample: All Superintendents with Salary Data
DV: log(Salary) in Year 1

VA 0.024∗∗∗ (0.008) 0.021∗∗∗ (0.008) 0.021∗∗∗ (0.008)
Nearby Districts Index 0.019∗ (0.010) 0.034∗∗ (0.014) 0.050∗∗∗ (0.013)
Nearby Districts Index × VA 0.027∗∗ (0.010) 0.017∗ (0.009) 0.013 (0.009)

State-by-Entry Year-by-Loc. Type FEs Y Y Y
Observations 1,253 1,253 1,253
R2 0.539 0.541 0.546

Source: Superintendent Roster Data; SEDA Data
Notes: Table displays estimates of the relationship between value-added and tenure (in Panel A) and value-
added and salary (in Panels B and C). Superintendent value-added is scaled to be mean 0 and standard
deviation 1. Nearby districts index is calculated based on the number of districts within a 2, 10, or 20 mile
radius and is scaled to be mean 0 and standard deviation 1. Superintendent salaries are in 2021 dollars.
Standard errors are clustered by district. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Appendix C Sources of State Superintendent Data

I collect data on district superintendent assignments and teacher payrolls individually from state

agencies and other state-specific sources. Appendix Figure C1 shows the number of districts in

my data for each state and year. I describe the source of superintendent roster data for each state

below.

C.1 Arkansas

I collect data on Arkansas superintendent assignments from superintendent contact list on the

Arkansas Department of Education Data Center.

C.2 California

I collect data on California superintendent assignments and from “Contact Information" files from

archived versions of School Accountability Report Card Data Files.

C.3 Connecticut

I collect data on Connecticut superintendent assignments from district-level "Profile and Perfor-

mance Reports" available from the Connecticut Department of Education’s EdSight Portal.

C.4 Georgia

I collect data on Georgia superintendent assignments and teacher payrolls from Open Georgia’s

“Salary & Travel Reimbursements" database.

C.5 Illinois

I collect data on Illinois superintendent assignments from the llinois State Board of Education’s

“Archived Directory of Education Entities."

C.6 Indiana

I collect data on Indiana superintendent assignments from archived files of the Indiana Depart-

ment of Education’s School Directory from web.archive.org.

C.7 Iowa

I collect data on Iowa superintendent assignments from annual “Public School District Direc-

tor[ies]" published by the Iowa Department of Education.

79

https://adedata.arkansas.gov/
https://web.archive.org/web/20130226063703/http://www.cde.ca.gov/ta/ac/sa/accessdata1112.asp
https://edsight.ct.gov/SASPortal/main.do
https://open.ga.gov/
https://www.isbe.net/pages/data-analysis-directories.aspx
https://www.isbe.net/pages/data-analysis-directories.aspx
https://web.archive.org/web/20100401020624/http://www.doe.in.gov/publications/schooldirectory.html
https://web.archive.org/web/20100401020624/http://www.doe.in.gov/publications/schooldirectory.html
web.archive.org
https://educateiowa.gov/document-type/directories


C.8 Kansas

I collect data on Kansas superintendent assignments from current and archived copies of the

Kansas State Department of Education’s “Directory of Superintendents for Kansas Unified School

Districts" files.

C.9 Michigan

I collect data on Michigan superintendent assignments from archived versions of “Legacy DBF

Files" from the state of Michigan’s Center for Education Performance and Information’s Educa-

tional Entity Master.

C.10 Missouri

I collect data on Missouri superintendent assignments from copies of “Index of School Administra-

tors" or “Alphabetical List of School Administrators" files from archived versions of the Missouri

Department of Education’s School Directory website.

C.11 Nebraska

I collect data on Nebraska superintendent assignments from directory searches from the Nebraska

Department of Education Education Directory Search.

C.12 New Jersey

I collect data on New Jersey superintendent assignments from archived copies of the State of New

Jersey Department of Education’s New Jersey School Directory.21

C.13 New York

I collect data on New York superintendent assignments from “Archive" files on the New York

State Department of Eduaction’s Directory of Public and Nonpublic Schools and Administrators

in New York State.

C.14 Ohio

I collect data on Ohio superintendent assignments from annual “District Ratings" files from the

Ohio Department of Education Report Card Website.

21Directories for more recent years can be found at the New Jersey Department of Education’s more recent website.
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C.15 Oklahoma

I collect data on Oklahoma superintendent assignments from archived School District Directory

files on the Oklahoma Department of Education “State Public School and District Directories"

website.

C.16 Oregon

I collect data on Oregon superintendent assignments from the Oregon Department of Education’s

Report Card Download “Media Page."

C.17 Pennsylvania

I collect data on Pennsylvania superintendent assignments from the Pennsylvania Department of

Education’s Professional Staff Summary data files.

C.18 Texas

I collect data on Texas superintendent assignments from the Texas Education Agency’s Texas

School Directories.

C.19 Virginia

I collect data on Virginia superintendent assignments from archived copies of the Virgina Depart-

ment of Education’s Education Directories.

C.20 Wisconsin

I collect data on Wisconsin superintendent assignments from the Wisconsin Department of Public

Instruction Public Staff Reports and archived All Staff Reports.
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Figure C1: Superintendent Data: District Counts by State and Year
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Source: Superintendent Roster Data
Notes: Figure displays the number of districts represented by each state-year combination in my super-
intendent roster data.
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Appendix D Linking Superintendents Across Rosters

This appendix describes my process for identifying superintendents across annual superintendent

rosters. This linkage procedure is different than the typical record linkage case—for example, link-

ing individuals across adjacent censuses—because some of my links will be across non-adjacent

years. For example, consider a superintendent who worked in one district from 2009 to 2011 and

another district from 2013 to 2015. A linking procedure that is restricted to adjacent years only will

fail to recognize that these two tenures belong to the same superintendent. My process involves

three steps, which I describe individually below.

D.1 Standardizing Names

To begin, I standardize raw superintendent names to remove inconsistencies in names across su-

perintendent rosters. First, I change any names that appear as Last, First to appear as First Last.

Next, I remove the following prefixes from the start of reported names: "mrs", "ms", "dr", "mr",

and "miss." Finally, I remove middle initials from all names.

D.2 Identifying Potential Matches

Next, separately for each state, I create a cross product of all unique names that appear in superin-

tendent roster data. To identify potential matches, I calculate a measure of string similarity for all

pairs of names, which is higher for names that are more textually similar. I use the normalized Op-

timal String Alignment (OSA) distance as my metric of similarity. OSA distance is “the minimum

cost of operations (insertions, deletions, substitutions or transpositions) required to transform into

one string into another."22

Appendix Table D1 provides examples of OSA distances for a set of hypothetical names. I

define a set of potential matches by linking any names with an OSA score above 0.95. Name pairs

meeting this criteria are bolded in Table D1. Note that this threshold is remarkably strict, and

allows only small deviations of spelling for two names to be linked.

Using these links, I define sets of connected names as the sets of unique clusters of linked

names. For example, if name A is linked only to name B, and name B is linked to names A and C,

and name C is linked only to name B, then A, B, and C form a cluster of linked names.

22More detailed descriptions can be found in the documentation for the “stringdist" R package and the documenta-
tion for the “comparator" R package.
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D.3 Breaking Erroneous Matches

This procedure sets a high threshold for potential matches, requiring names to be nearly identical

to be treated as matches. Still, the procedure potentially over-matches names that are very com-

mon. To break links between potentially false positive matches, I break links for superintendents

that I observe in more than one district in the same year. To allow for a one-year overlap when

superintendents switch districts, I exclude from this process superintendents who only have one

overlapping year and whose total number of district-years employed is at least five.
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Table D1: Example OSA Distance Scores for Names

Samuel
Webster
Stemper

Samuel
Webster

Stemper, PhD

Sammuel
Webster
Stemper

John
Doe

Samuel
Webster Stemper

1.000 0.814 0.956 0.091

Samuel Webster
Stemper, PhD

0.814 1.000 0.778 0.074

Sammuel
Webster Stemper

0.956 0.778 1.000 0.0870

John
Doe

0.091 0.074 0.0870 1.000

Source: Author Calculations
Notes: Table displays OSA distance measures for name pairs identified in rows and columns.
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