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1 Introduction

Teachers are a central input in the production of student achievement (Rockoff, 2004; Rivkin

et al., 2005), and their impact persists into adulthood (Chetty et al., 2011, 2014b). Therefore,

policies that attract and retain high-quality teachers to the profession have far-reaching conse-

quences.1 More attractive compensation packages are sometimes proposed as a tool to attract

effective teachers. In most US public school districts, however, teacher pay is set using rigid

schedules based solely on seniority and education, with no financial rewards for effectiveness.

If allowed to determine pay in a more flexible way, could school districts improve the quality of

their teaching workforce? This paper addresses this question by taking advantage of a reform

to the collective-bargaining process for teachers in Wisconsin, and offers a comprehensive study

of this labor market.

Studying the effects of changes in the structure of teacher pay on labor supply and demand

is challenging due to a dearth in variation in pay practices among public school districts.2 The

vast majority of districts pay teachers according to similar lock-step schedules. This implies that

all teachers with the same education degree and years of experience are paid identically, regard-

less of their effectiveness or the demand for their labor (Podgursky, 2006). In addition, these

schedules are often very similar across all districts within a state, owing to pattern bargaining

facilitated by the state’s teachers’ union. With salaries set in this rigid way, identifying the effects

of changes in pay schemes is very difficult.

To investigate these questions I exploit a rare source of variation in teacher pay. In 2011 the

Wisconsin legislature unexpectedly passed Act 10, a law that discontinued collective bargain-

ing requirements over teachers’ salary schedules. Before the passage of Act 10 each district in

Wisconsin had strict adherence to rigid schedules, which were negotiated between each school

district and its union. Act 10 allowed districts full autonomy to determine compensation with-

out union consent and, importantly, allowed them to negotiate salaries with individual teachers.

Districts used the flexibility introduced by Act 10 in different ways. Hand-collected infor-

mation from employee handbooks, documents listing district-specific workplace policies and

1The monetary cost of recruiting, hiring and training replacement teachers has been estimated to be around
$15,000 in 2000, which translates into a $2.25 billion cost for the US as a whole. Turnover can negatively affect
student achievement both directly, by disrupting instruction (Boyd et al., 2008; Ronfeldt et al., 2013), and indirectly,
by affecting the composition of the teaching workforce (Adnot et al., 2017).

2Other works have used other changes in teachers’ labor markets to learn about teacher supply and demand.
For example, Hensvik (2012) studies the effect of private vouchers, Jackson (2009) examines the influence of school
de-desegregation, and Fitzpatrick and Lovenheim (2014) study the impact of an early teacher retirement policy.
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procedures, reveal that approximately half of the districts quickly took advantage of their new-

found discretion, and replaced seniority-based schedules with flexible salary schemes that al-

lowed for pay differences among teachers with similar seniority. For ease of exposition, I refer

to these districts as “flexible pay” (FP). The other half, which I call “seniority pay” (SP), main-

tained the use of seniority-based schedules.

Act 10 triggered significant differences in salaries among teachers in FP districts who would

have been paid exactly the same amount under the pre-Act 10 regime. To shed light on what

drove these differences, I test whether a teacher’s pay is correlated with her value-added (VA), a

widely used measure of effectiveness. As is true of most administrative datasets, data from Wis-

consin only allows teachers and students to be linked up to the grade level, whereas standard

VA models are designed for datasets that allow to link teachers and students through classroom

identifiers. To estimate teacher effects in the presence of this data limitation, I develop a new

estimator based on teacher turnover as in Rivkin et al. (2005). While less precise than standard

VA, this estimator is an unbiased predictor of a teacher’s effectiveness.

VA estimates indicate that, after Act 10, salaries rose for high-VA teachers more than low-VA

teachers in FP districts, but not in SP districts. This is an interesting finding in itself; school

districts in Wisconsin do not use VA to evaluate teachers nor do they even calculate it. This

suggests that districts can identify highly effective teachers and, when allowed, chose to reward

them more.

The differences in teacher salaries that arose among districts after Act 10 could change teach-

ers’ incentives to work in a given district, and in turn affect each district’s workforce composi-

tion. A simple Roy model (Roy, 1951) predicts that a) high VA teachers would flow from SP

to FP districts, and b) low VA teachers would flow in the opposite direction, or exit teaching

altogether. The data confirm these predictions: After Act 10, teachers with ex ante higher VA

(measured using pre-Act 10 test scores) were 1.13 times more likely to move from SP to FP dis-

tricts compared with lower VA teachers, and 44 percent less likely to exit. These labor-supply

responses produced a 0.05-0.07 standard deviations increase in average teacher quality in FP

districts, relative to SP districts. These results demonstrate, partly in contrast with previous

studies (such as Hanushek et al., 2004), that higher pay does attract teachers in some contexts.

While affecting the composition of teachers, rewarding their effectiveness may also influence

teachers’ effort in the classroom. To test this hypothesis I allow VA to vary before and after Act

10 for each teacher, and I estimate the FP-SP difference in this time-varying measure after Act
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10 compared with before. I find that, overall, VA increased by 0.11 standard deviations in FP

districts relative to SP. Approximately 40 percent of this increase is due to changes in teacher

effort, whereas the remaining 60 percent is due to changes in composition.

Although the differences in pay schemes between FP and SP districts after Act 10 create a

unique setting to learn about their effects on teachers’ labor markets, this setting has several

important limitations that bear mentioning. First, post-Act 10 pay schemes were chosen by dis-

trict administrators, and could therefore be related to a range of district-level observable and

unobservable characteristics that directly affect outcomes. Second, Act 10 did not just change

teachers’ salaries; it also increased employee’s contributions to pensions and health care, and

it deprived unions from their powers. Interpreting the post-Act changes in outcomes between

FP and SP districts as the effect of changes in pay requires assuming that any pre-existing dif-

ferences between these two groups of districts did not change after Act 10, and that the other

provisions of the Act affected FP and SP districts in the same way. In support of these assump-

tions, I show that FP and SP districts exhibit parallel trends in a variety of attributes, including

funding, union influence, and student attributes. I also show that the results are not affected by

controlling for a wide range of time-varying observable factors, or by estimation on a matched

sample. Lastly, the bounding exercise of Altonji et al. (2005) indicates that, at worst, time-varying

unobservables explain 7 percent of the main effect, suggesting that the scope for bias is limited.

My findings show that the introduction of flexible pay in a subset of Wisconsin districts led

to an improvement in the composition of the teaching workforce in these districts compared

with the rest of the state. This compositional change is fairly small (0.05 standard deviations

of VA), as movements and exits are rare events even after Act 10. The change could become

more pronounced over time as more low-quality teachers exit FP and more high-quality teachers

enter the profession, and especially so if pay becomes more strongly correlated with teacher

effectiveness. This scenario, however, assumes that SP districts stick with seniority pay in the

medium and long run. What would happen if the same flexible pay scheme were introduced

in all districts instead? The sorting and exiting patterns outlined so far are the combination

of both demand and supply forces; it is therefore difficult to answer this question by simply

extrapolating from these partial-equilibrium results.

To address the limitations of a reduced-form approach, I build and estimate a structural

model of the teachers’ labor market. Districts (the demand side) extend job offers to teachers

(the supply side). These offers are characterized by salaries, modeled as an exogenous, district-
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specific function of seniority, education, and VA (I relax the binary FP-SP assumption and es-

timate salary functions at the district level). Teachers have preferences over a job’s attributes

(including salaries). They review all the offers they receive and choose the one that maximizes

their utility (or choose to exit the labor market). Districts decide which job offers to extend in

order to maximize a payoff that depends on teachers’ attributes, subject to a budget constraint

(on the total wage bill) and a capacity constraint (on the total number of teachers they need to

hire). Importantly, when making hiring decisions, districts take into account the fact that the

probability that a given offer is accepted depends on both teachers’ preferences and the offers

made by all the other districts. This feature of the model allows supply and demand to match

in equilibrium.

To identify the parameters of teacher supply, I exploit the differences in pay triggered by Act

10 combined with teachers’ movements and exits. Demand parameters are identified by cross-

district differences in budget and capacity constraints (which arise when teachers move out of

or exit from the district), combined with a district’s decision on how to fill its vacancies and how

to allocate its budget.3

The model model permits separate identification of the impact of supply and demand on job

matches in equilibrium. Supply estimates are particularly useful for policy: They can be used to

compute the monetary value of non-wage job characteristics valued by teachers and to quantify,

for example, how much more a certain teacher would have to be paid to be induced to teach in a

different district. Estimates of the supply parameters show that teachers are attracted by higher

salaries, dislike moving to far-away districts, and face significant moving costs.

I use the model to simulate how the composition of the teaching workforce would change

under two alternative pay schemes. The first consists of one district increasing its salary/quality

correlation (which I use as a proxy for “merit” or “quality” pay) and confirms the reduced-form

findings. The second analyzes the introduction of quality pay in all districts, a more challeng-

ing question due to general equilibrium effects. Simulations show that this second scheme is

associated with a much smaller increase in workforce quality compared with the first: When all

districts reward seniority at the same rate, teachers have lower incentives to move across dis-

tricts, and any compositional improvement is entirely driven by exits of low-quality teachers.

This exercise is useful to understand what would happen if all districts switched to flexible

pay, a scenario that could easily arise in Wisconsin when SP districts realize that they are losing

3Section 7.3 discusses identification of the model’s parameters more in depth.
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good teachers. It also suggests that the observed improvement in the composition of the teach-

ing workforce experienced by FP districts might be short-lived, resulting in smaller long-term

effects of a statewide change in pay schemes.

A few limitations of the model should be kept in mind when interpreting these results. First,

the model does not explicitly allow for workers’ decisions to enter the teaching profession, and

implicitly assumes that the quality of new teachers is constant over time and unaffected by the

reform. In the medium run, a change in teacher pay could fundamentally alter the selection

of new teachers in FP and SP districts (Dolton, 1990; Hoxby and Leigh, 2004; Rothstein, 2014;

Kraft et al., 2018).4 Second, it does not incorporate changes in effort. Even under the second

counterfactual, where compositional gains are small, the benefits to schools and students could

be large if all teachers respond to the change in pay scheme by exerting more effort.

This paper makes three main contributions. First, it exploits newly-available, large-scale

variation in pay schemes to estimate teachers’ labor supply and demand. Previous studies have

been limited to small bonuses awarded on top of regular pay (Hanushek et al., 2004; Clotfelter

et al., 2008; Dee and Wyckoff, 2015), limited cross-sectional variation in salaries (Stinebrickner,

2001; Boyd et al., 2013), and across-the-board salary increases (Figlio, 2002).5

This paper can also be seen as an exploration, in the personnel economics tradition, of how

pay affects selection and incentives of a particularly important class of workers (Lazear, 2000a,b;

Bandiera et al., 2005; Abramitzky, 2009; Khan et al., 2015). Financial incentives for teachers

have been shown to have a significant impact on student achievement outside the US.6 Plans

implemented in the US, however, have yielded mixed results (see Jackson et al., 2014; Neal

et al., 2011, for a review).7 In addition, this paper provides new evidence that school districts are

willing to compensate high VA teachers when given the opportunity to do so and that teachers

respond to these incentives by exerting more effort in the classroom (Imberman and Lovenheim,

4Dolton (1990) emphasizes the importance of earnings growth in the decision to become a teacher. Hoxby and
Leigh (2004) show that the increase in wage compression that followed the rise in the unionization explains most of
the decline in entry of high-performing teachers in the US since 1960. Rothstein (2014) suggests that higher salaries
and lower tenure rates can improve the supply of new teachers. Lastly, Kraft et al. (2018) suggest that the introduction
of teacher evaluation policies led to a decline in the supply of new teachers. A simple analysis of the selectivity
of college degrees for new teachers (as a proxy for teaching quality) does not show evidence of changes in the
composition of new teachers after 2011.

5Willén (2018) studies the introduction of individual wage bargaining for Swedish public school teachers. Unlike
Act 10, however, this policy change did not lead to pay differences among high-quality and low-quality teachers. As
a result, it had no effects on workforce composition (in terms of demographics) or student outcomes.

6This literature includes studies conducted in India (Muralidharan and Sundararaman, 2011; Duflo et al., 2012),
Israel (Lavy, 2002), England (Atkinson et al., 2009), and Kenya (Glewwe et al., 2010).

7 Although some studies have found that teacher performance pay has positive effects on student test scores in
the US (Ladd, 1999; Figlio and Kenny, 2007; Sojourner et al., 2014; Imberman and Lovenheim, 2015; Dee and Wyckoff,
2015; Brehm et al., 2017), others have shown that such incentives are ineffective at boosting achievement (Dee and
Keys, 2004; Figlio and Kenny, 2007; Springer et al., 2011; Goodman and Turner, 2013; Fryer, 2013).
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2015; Brehm et al., 2017).

Lastly, this paper is one of the first to study the effects of a recent decline in union powers.

Most studies of teachers’ unions have analyzed increases in unionization (Eberts and Stone,

1987; Hoxby, 1996; Lovenheim, 2009).8 Reducing union powers, however, does not necessarily

have symmetric effects. The effects of a decline in unionization on teachers’ labor labor markets

are particularly interesting in the aftermath of Janus v. AFSCME, as more states could be affected

in the future.

The rest of the article is organized as follows. Section 2 outlines the institutional framework

and describes Act 10. Section 3 presents the data. Sections 4, 5, and 6 describe the empirical

findings on salaries, the composition of the workforce, and teachers’ effort respectively. Sec-

tion 7 describes the structural model, and Section 8 illustrates the results from simulations of

counterfactual pay schemes. Section 9 concludes.

2 Teacher Compensation Before and After Act 10

In most US public school districts, teacher salaries are determined using “steps-and-lanes”

salary schedules that express pay as a function of years of experience and highest education

degree (Podgursky, 2006). Appendix Figure A1 shows an example of a salary schedule. Move-

ments along its “steps” (rows, which correspond to experience levels) and “lanes” (columns,

which correspond to education degrees) are associated with an increase in pay.

In states with collective bargaining (CB) for public sector employees, these schedules are

negotiated between school districts and teachers’ unions, while in states without CB they are

typically determined at the state level (e.g. Georgia).9 CB agreements usually prevent districts

from adjusting pay at the individual level: Experience and education are the only determinants

of salaries and pay is unrelated (at least directly) to teacher effectiveness (Podgursky, 2006).

2.1 Wisconsin’s Act 10

In 1959, Wisconsin became the first state to introduce CB for public sector employees (Moe,

2013). Since then, teachers’ unions have gained considerable power and have been involved in

8Notable exceptions are Han (2016), Litten (2016), and Roth (2017), who study the effects of recent episodes of
de-unionization on outcomes such as teacher turnover, teacher salaries, retirement, and student achievement.

9As of 2014, 49 percent of public school teachers belonged to at least one union (Bureau of Labor Statistics, 2014).
Schools are unionized on a district-by-district basis. While CB is not a constitutional right for public sector teachers,
at the time of writing this right was granted by all states except Georgia, North Carolina, South Carolina, Texas, and
Virginia.
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negotiations with school districts over key aspects of a teaching job.10 Until 2011 teacher salaries

were set using a schedule, which was part of each district’s CB agreement.

On June 29, 2011 the state legislature passed the Wisconsin Budget Repair Bill, which came

to be known as Act 10. Intended to address a projected $3.6 billion budget deficit through

cuts in public sector spending, Act 10 introduced a number of provisions, enforced onto all

school districts and their employees. First and most importantly, Act 10 limits the scope of

salary negotiations to base salaries (whose annual growth rate is limited to the rate of inflation),

hence preventing unions from negotiating the salary schedule. Second, it requires unions to hold

yearly recertification elections, it limits the validity of CB agreements to one year, and it prohibits

automatic collection of union dues from employees’ paychecks.11 Third, it raised employee

contributions to the pension fund (from 0 to 5.8 percent of wages) and to health insurance premia

(from 0 to 12.6 percent), and it required districts to actively search for the most cost-effective

health care plans. Lastly, it reduced state aid to school districts and decreased their revenue

limit.12

2.1.1 Act 10 and Teacher Salaries: Flexible Pay vs. Seniority Pay

With salary schedules no longer allowed in CB agreements, Wisconsin districts gained the

possibility to determine teacher pay more flexibly. In particular, they are allowed to reward

teachers for attributes not directly compensated by standard schedules, and to adjust salaries on

an individual basis without union consent.

Although the provisions of Act 10 applied to all school districts, the way districts reacted to

their new freedom over teacher pay-setting varied: As of 2015, approximately half of all districts

were still setting pay using a schedule only based on experience and education, whereas the

remaining half had discontinued the use of such schedule. To characterize each district’s post-

Act 10 pay regime I collected districts’ employee handbooks, documents listing duties and rights

10424 public school districts in Wisconsin typically serve either one city or one or more towns and villages. They
operate public schools, hire teachers, and allocate teachers to schools. Each district enrolls an average of 1,900 stu-
dents. Sixteen urban districts enroll 15,000 students on average (with Milwaukee Public Schools enrolling 67,000
students, and the Madison Metropolitan School District enrolling 26,500 students), 63 suburban districts enroll 3,000
students, and 344 rural districts enroll 1,000.

11In 26 right-to-work states, including Texas, Florida, and Wisconsin, teachers who choose not to join the union
are not required to pay monthly dues, despite being covered by collective-bargaining (CB) agreements. In all other
states (including California, New York, and Illinois) non-union teachers are also required to pay a fee to the union as
a condition of employment. Union membership dropped by nearly 50 percent in Wisconsin in the 5 years after the
passage of Act 10. See D. Belkin and K. Maher, Wisconsin Unions See Ranks Drop Ahead of Recall Vote, The Wall Street
Journal. Retrieved from https://www.wsj.com/articles/SB10001424052702304821304577436462413999718.

12This last provision was included in Act 32 of July 1, 2011, which amended some provisions of Act 10. Revenue
limits are the maximum level of revenues a district can raise through general state aid and local property taxes.
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of all teachers. Before Act 10, all handbooks contained a schedule; after Act 10, only some of

them do. I classify all districts whose 2015 handbooks included a schedule (and did not mention

any other types of bonuses or increments) as seniority-pay (SP), and all the remaining districts

as flexible-pay (FP). More information on the handbooks is contained in Section 3.

The Racine Metropolitan School District, one of the state’s largest urban districts, is an exam-

ple of a SP district: Its 2015 handbook contained a seniority-based schedule (Appendix Figure

A1).13 The handbook specifies that both a teacher’s initial placement on the schedule and move-

ments along steps and lanes are to be determined solely on the basis of seniority and academic

credentials.

The Green Bay Area Public School District, the fifth largest in Wisconsin, is an example of

a FP district. Its 2015 handbook did not contain a schedule, and it explicitly stated that “The

District will determine the starting salary for a new employee.”14 While the handbook mentions

the possibility that teachers’ salaries might increase in steps over time, no indication is given that

such steps will be solely linked to seniority and/or education. The handbook also specifies that

“An employee may be held to the previous year’s step for less than satisfactory performance.”

This language, common among FP districts, indicates that the district retains the autonomy to

set teacher salaries on an individual basis and to adjust them every year as it sees fit.

2.1.2 Comparing FP and SP Districts: Identification Challenges

Decisions over post-Act 10 pay schemes were made by school district administrators (such

as superintendents and school board members). Possible drivers of this decision include fiscal

concerns, the desire to compensate high-quality teachers and/or to preserve teachers’ morale,

and the increased pressure to compete with other districts for talented teachers (Kimball et al.,

2016). This decision could be correlated with time-varying observable and unobservable charac-

teristics of the school districts. For example, districts with an ex ante lower-quality workforce or

lower student achievement could choose to switch to FP in an attempt to improve, or wealthier

districts could switch because they can afford to spend more on salaries. Differences in observ-

able and unobservable characteristics pose a challenge for the identification of a causal effect

of changes in pay structures across districts if they vary over time; interpreting any post-Act

10 comparison in outcomes between FP and SP districts as the causal effect of pay structures

requires assuming that these differences remained constant after 2011.

13See the Racine School District website for the most recent version of its teacher salary schedule.
14See the Green Bay Area Public School District website for the most recent version of its employee handbook.
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A simple comparison of observable characteristics across FP and SP districts before Act 10

shows that FP districts served a lower share of low-SES students, paid higher salaries to teachers

and principals, had less experienced teachers, and are more likely to be located in suburban

areas with higher property values (Table 1 and Appendix Table A1). These differences, however,

did not change after Act 10 (Appendix Figure A2). Appendix Table A1 estimates difference-

in-differences models that compare these observables across FP and SP districts over time.15

Estimates for FP * post, which capture the change in the FP-SP difference after Act 10, are all

small and insignificant.16 While not necessarily informative of changes in unobservables, these

tests rule out the possibility that any differences in outcomes between FP and SP districts after

Act 10 could be driven by changes in observables over time.

A possible confounder that deserves mention is districts’ management. A switch to FP could

correlate with better managerial capabilities, as it requires quantifying hard-to-measure teacher

attributes (such as performance). More generally, superintendents and principals of FP districts

may have different perceptions on what constitutes a “fair” compensation scheme, and/or dif-

ferentially value teachers’ characteristics (such as experience or quality).17 This could translate

into different managerial practices and have a direct effect on the outcomes of interest. Super-

intendents and principals, however, have a very limited scope for differentiating their practices,

as most teachers’ duties and rights are strictly regulated by CB agreements (both before and

after Act 2011). Even if managerial practices were different between FP and SP districts, these

differences would only be problematic if they arose at the same time as Act 10. Furthermore, the

data indicates that superintendents, principals, and other managerial staff are observationally

similar across FP and SP districts (Appendix Tables A1 and A2). This suggests that the decision

to switch to FP was likely influenced by idiosyncratic preferences of local leaders rather than by

systematic differences in management.

Other Provisions of Act 10. In addition to changing teachers’ pay schemes, Act 10 included a

number of other provisions, some of which directly affected teachers. In theory, these provisions

were applied uniformly across the state. In practice, however, they could have differentially im-

pacted districts depending on districts’ characteristics. For example, the weakening of teachers’

15Appendix Table A1 shows estimates of α and β inXdt = αFPd+βFP d ∗postt+γpostt+εdt, whereXdt includes
a range of district attributes, FP d equals 1 for FP districts, and postt equals 1 for years after Act 10. Estimates of α
capture ex ante differences in attributes between FP and SP districts, while estimates of β capture the change in this
difference after Act 10.

16Trends in these observables are shown in Appendix Figures A2, A3, A4, and A5.
17For example, if districts place the highest priority on seniority, they might be more likely to stay SP. If they place

a higher value on attributes not rewarded by a standard schedule, they might be more likely to switch to FP.
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unions could have affected a district’s pay scheme and teacher sorting differently depending

on ex ante union strength. Similarly, increases in employees’ contributions to health care and

retirement plans and a reduction in state aid could have led districts to reallocate their budget

across different items and/or to offer health care plans of different quality, and this could have

directly affected teacher sorting (D’Andrea, 2013).

Appendix Table A1 shows that expenditure on different budget items and measures of union

strength (such as indicators for whether the district had a union election in each year and

whether the union managed to recertify) were very similar across FP and SP districts, both be-

fore and after Act 10.18 Furthermore, the bounding exercise of Altonji et al. (2005), which allows

to quantify the role of unobservables under the assumption that the variation in the outcome

variable that is driven by unobservables and the variation driven by observables have the same

relationship with the type of post-Act 10 pay structure, indicates only a small role for unobserv-

ables (Section 5). These tests suggest that the bulk of the difference in post-Act 10 outcomes can

be attributed to differences in pay schemes, as opposed to other provisions of the Act.

Accounting for FP-SP Differences and Other Provisions of Act 10: Controls and a Matched Sam-

ple. To check for pre-Act 10 differential trends in outcome variables across FP and SP districts

(which could indicate the presence of time-varying unobservables), all my empirical tests are

accompanied by time-varying estimates of the parameters of interest. In addition, I control for

the ex ante differences in observables in a flexible way, interacting their pre-Act 10 (2009–2011)

averages with year fixed effects.19 Lastly, I complement my results with those obtained using a

matched sample, constructed to smooth the small ex ante differences in observables between FP

and SP districts (Table 1).20 I build the sample using nearest-neighbor matching with replace-

ment (Abadie and Imbens, 2011). I match each FP with a SP district on the basis of 2009–2011

district attributes, including enrollment, the share of low-SES students, average teacher salaries

(for all teachers and for those with less than 5 years of experience), the share of teachers with

less than 3, more than 20 years of experience, and with a master’s degree, the location of the

district (urban, suburban, rural), property values, expenditure, and state aid per pupil.21 The

18Appendix Figure A4 shows the 2012–2016 trends in the share of FP and SP districts which held a union election in
each year and in which the union successfully re-certified. Trends in various budget items across FP and SP districts
are shown in Appendix Figure A3.

19Appendix Figure A2 shows no evidence of differential pre-trends in these observables across the two groups of
districts in the years leading to Act 10.

20Despite these differences in means, Appendix Figure A13 shows that the distributions of these characteristics are
very similar across the two groups of districts.

21Since the sample is with replacement, matched SP districts are counted multiple times if they serve as controls for
more than one district. Appendix Table A3 shows estimates of the probit model underlying the matching procedure.
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Table 1: Summary Statistics, Wisconsin Districts, 2007–2011

(1) (2)
Full sample Matched sample

FP SP Difference FP SP Difference

enrollment 2929.7 3108.3 -178.6 2929.7 2789.3 140.4
(761.8) (505.5)

black students 0.028 0.032 -0.0035 0.028 0.030 -0.0017
(0.0083) (0.0091)

Hispanic students 0.053 0.049 0.0037 0.053 0.055 -0.0020
(0.0076) (0.0096)

disadvantaged students 0.28 0.32 -0.041∗∗ 0.28 0.30 -0.023
(0.019) (0.023)

math scores (sd) 0.18 0.065 0.12 0.18 0.14 0.043
(0.080) (0.10)

teacher salary ($) 52659.5 50517.9 2141.6∗ ∗ ∗ 52659.5 51485.6 1173.8
(709.4) (911.2)

teacher experience (yrs) 14.9 15.6 -0.67∗∗ 14.9 15.3 -0.43
(0.27) (0.30)

teachers w/ BA 0.46 0.49 -0.031 0.46 0.48 -0.020
(0.020) (0.023)

teachers w/ Master 0.53 0.50 0.028 0.53 0.51 0.016
(0.020) (0.023)

teachers w/ PhD 0.0013 0.0010 0.00028 0.0013 0.00066 0.00067
(0.00048) (0.00054)

urban district 0.069 0.074 -0.0051 0.069 0.070 -0.0015
(0.035) (0.042)

suburban district 0.29 0.20 0.097∗ 0.29 0.25 0.049
(0.057) (0.074)

property values p.p. ($) 803196.9 604887.4 198309.5∗∗ 803196.9 630296.6 172900.3
(91952.3) (130388.3)

value-added -0.087 -0.13 0.048 -0.087 -0.071 -0.015
(0.064) (0.075)

expenditure p.p ($) 15126.3 15531.1 -404.7 15126.3 14734.9 391.4
(366.7) (400.7)

Nr. of districts 102 122 224 122 56 178

Notes: Means, differences in means, and standard errors (in parentheses) of district-level characteristics in
FP and SP districts (columns 1), and in matched FP and SP districts (columns 2). The FP subsample in-
cludes 102 districts, the SP subsample includes 122 districts. The subsample covers 83 percent of the total
student population. The matched sample of SP districts is obtained via nearest-neighbor matching on ob-
servable characteristics of the school districts and includes 56 districts.

final sample contains 102 FP and 56 SP districts (Table 1, column 2).22

22Appendix Figure A14 shows that the distributions of a set of district characteristics across FP and matched
SP districts appear very similar; a Kolmogorov-Smirnov test fails to reject the null hypothesis of equality in the
distribution of all variables at the 5 percent confidence level.
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3 Data and Measurement

The main data set contains information on the universe of Wisconsin teachers, linked with

student test scores to calculate teacher VA. I combine it with information on post-Act 10 salary

structures for each district, drawn from employee handbooks. Lastly, I use school- and district-

level characteristics as controls and to construct the matched sample. Data are reported by

academic year, referenced using the calendar year of the spring semester (i.e. 2007 for 2006-07).

Teacher Data. I draw information on the population of Wisconsin teachers from the PI-1202 Fall

Staff Report - All Staff Files for the years 2007–2015, made available by the Wisconsin Department

of Public Instruction (WDPI). These files contain information on all individuals employed by

the WDPI in each year and include personal and demographic information, education, years of

teaching experience, and characteristics of job assignments (including total salary, grades and

subject taught, full-time equivalency (FTE) units, and school and district identifiers). I restrict

the sample to non-substitute, tenured teachers working in FP and SP districts.23 Salaries are

expressed in 2015 dollars and in FTE units.24

School and District Data. School-level data from the Wisconsin Information System for Ed-

ucation (WISE) include total enrollment and the share of economically disadvantaged, Black,

and Hispanic students. District-level covariates include equalized property values from the

WDPI (used to calculate property tax levies) and indicators for whether the district is located

in an urban, suburban, or rural area.25 Budget data from the WDPI include revenues by source

and expenditures by item, for all districts and for the years 2008–2015. Lastly, information on

union election outcomes is from the records of the Wisconsin Employment Relation Commission

(WERC).

Student Test Scores and Demographics. Student-level data include Math and Reading test scores

from the Wisconsin Knowledge and Concepts Examination (WKCE, 2007–2014) and Badger test

(2015–2016), for all students in grades 3 to 8, as well as demographic characteristics such as

gender, race and ethnicity, socio-economic (SES) status, migration status, English-learner status,

and disability. The WKCE was administered in November of each school year, whereas the

Badger test was administered in the Spring. To account for this change, for the years 2007–2014

23I exclude long- and short-term substitute teachers, teaching assistants and other support staff, as well as con-
tracted employees, since salaries for these workers are calculated differently from those of permanent teachers.

24Due to evident mistakes in the reporting of salary information, I discard information for teachers in the school
district of Kenosha, as well as for those in the school district of Milwaukee for the year 2015.

25These variables are based on the US Census urban-rural classification.
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I assign each student a score equal to the average of the standardized scores for the current and

the following year.

Employee Handbooks and Salary Schedules. I collected information on districts’ pay schemes

from their 2015 employee handbooks, available for 224 out of 422 districts (including 7 high

school districts), which enroll approximately 83 percent of all students.26 I classify a district as

SP for the entire post-Act 10 period if its 2015 handbook contains a salary schedule and does not

mention rewards for performance or merit, and as FP otherwise. If a schedule is published but

bonuses linked to performance are mentioned, the district is classified as FP.27

3.1 Measurement: Teacher Value-Addes

I measure teacher quality using value-added (VA), defined as the teacher’s effect on test

scores conditional on other determinants of achievement (such as past test scores, student de-

mographics, and school fixed effects, Hanushek, 1971; Rockoff, 2004; Rivkin et al., 2005; Chetty

et al., 2014a). Albeit not a perfect measure of talent (Rothstein, 2010; Kraft, 2017; Jackson, 2018),

VA is generally considered a good signal of a teacher’s effectiveness (Kane and Staiger, 2008;

Chetty et al., 2014a).

VA is usually estimated using datasets that allow to link teachers to the pupils they taught

through classroom identifiers. Information on students’ and teachers’ classroom was not main-

tained by the WDPI before 2017. This implies that I can link a teacher to all the students enrolled

in her school and grade in a given year, but not to the specific students she taught.

To obtain a measure of teacher effectiveness in the presence of this data limitation I leverage

the identification approach of Rivkin et al. (2005), who face the same issue using data from Texas.

I then combine this approach with the estimation method of Chetty et al. (2014a). The starting

point is the following model of achievement :

A∗kt = βXkt + νkt (1)

where νkt = µi(kt)t + θc(kt) + εkt,

26Handbooks are published on each district’s website. Unclassified districts (i.e. those for which handbooks are
not available) either do not have a website or do not make their handbook public. Appendix Table A6 compares FP
and SP districts with unclassified districts. The latter are smaller, enroll more disadvantaged students, pay lower
salaries, and are disproportionately located in rural areas.

27It is possible that districts classified as FP did not change pay scheme immediately after the passage of Act 10,
but after a few years. By the same token, it is possible that districts classified as SP as of 2015 switched to FP after
2015. For this reason I end my analysis in 2015.
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A∗kt is a standardized measure of test scores for student k in year t, Xkt is a vector of student and

school-specific controls, and i(kt) denotes student k’s teacher in t. VA is the estimate of µi(kt)t,

the teacher-specific component of test score residuals. Chetty et al. (2014a) use the following

estimator:

µ̂it =

t−1∑
m=t−l

ψ̂mĀim (2)

where Āit =
1

Nit

∑
k:i(kt)=i

Akt and Akt = A∗kt − β̂Xkt, (3)

β̂ is the OLS estimate of β in (1), Nit is the number of students taught by i, and the coefficients

ψ̂ = (ψ̂t−l...ψ̂t−1)
′ are selected to minimize the mean-squared error of the forecast of test scores,

with a procedure analogous to OLS:

ψ̂ = arg min
{ψt−l,...,ψt−1}

∑
i

(
Āit −

t−1∑
s=t−l

ψsĀis

)2

(4)

Essentially, µ̂it is the best linear predictor of Āit, average test score residuals of teacher i’s stu-

dents in year t, given test score residuals from the previous l years. When teachers and students

can only be linked up to the grade level, constructing Āit is not possible. The best approximation

is an average of test score residuals for all students in teacher i’s grade and school in year t:

Āgit =
1

Ngst

∑
k:ge(it)=gp(kt),se(it)=sp(kt)

Akt

where ge(it) (se(it)) is the grade (school) where teacher i teaches in year t, gp(kt) (sp(kt)) is the

grade (school) attended by student k in year t, andNgst is the number of students in grade g and

school s in year t. The estimator then becomes µ̂it =
∑t−1

m=t−l ψ̂mĀ
g
im, where

ψ̂ = arg min{ψt−l,...,ψt−1}
∑

i

(
Āgit −

∑t−1
s=t−l ψsĀ

g
is

)2
.

Identification. How can we identify a teacher’s effect if we cannot precisely link her to the stu-

dents she taught? The identification argument follows Rivkin et al. (2005) and relies on teacher

turnover across grades and/or across schools. In the absence of turnover, all teachers in the

same grade and school would be assigned the same average residual every year, and distin-

guishing their individual effect would be impossible. With multiple years of data and in the

presence of turnover, however, teachers switches across schools, or within schools and across

grades, allow to isolate the effect of the individual teacher through the comparison of test score
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residuals before and after her arrival in a given grade and school. Importantly, teacher turnover

allows to more precisely identify not only the effects of the teacher who switches, but also those

of all other teachers in her same grade and school at any point in time.28 Appendix B.1 illustrates

the identification argument with a simple example.

Limitations of VA Estimates and A Validation Exercise. Because students are linked to teachers

at the grade-school level, and because not all teachers switch grade or school, VA of a teacher

could also be a function of test scores of students she never taught. This will introduce measure-

ment error in the estimates. In addition, VA of teachers who are always in the same grade-school

will never be separately identifiable (and each of them would be assigned an average of their

true effects).

Classical measurement error would undermine the efficiency of the parameter estimates

(when used as the dependent variable) or generate attenuation bias (when used as an explana-

tory variable). This noise, however, could be even more problematic when it is non-classical,

i.e. correlated with other variables in a model. This could happen, for example, if estimates

are more precise for teachers who move and if movements are not random (e.g. they could be

correlated with a district’s pay scheme).

To assess the performance of my measures relative to standard estimates, I use data from

New York City (NYC) teachers and students, which include classroom links. I estimate VA us-

ing the standard approach (which exploits classroom links, CL hereafter) as well the approach

described above, which links students to teachers on the basis of grade and school (GL here-

after). A comparison of these two sets of estimates reveals the following facts.

1. Although less precise than CL, GL still explain a substantial portion of the variance in test

scores. In the NYC data, the standard deviation of VA for Math teachers is 0.19 for CL and 0.11

for GL (Appendix Figure B1). In the Wisconsin data, the standard deviation of GL is 0.08 for

Math (Appendix Figure B2).

2. GL is a forecast-unbiased estimator of CL. Forecast bias can be defined as f = 1 − γ

in the regression µ̂CLi = α + γµ̂GLi + χi. Appendix Figure B3 shows the linear relationship

between CL and GL; the estimated bias (1 minus the slope of the fit line) is equal to 0.05 and it

is indistinguishable from zero.

3. GL is a forecast-unbiased estimator of a teacher’s future student achievement. Using
28The aggregation of test scores at the grade level also overcomes one of the most problematic form of selection,

which occurs within schools and grades and across classrooms (Rivkin et al., 2005). The (forced) use of grade-school
estimates circumvents this form of selection, and is in practice equivalent to an instrumental variable estimator based
on grade rather than classroom assignment.
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teacher switches as a quasi-experiment as in Chetty et al. (2014a) yields an estimated bias of 0.05

for GL (Appendix Table B1).

4. The difference between CL and GL is uncorrelated with student or teacher observables (in-

cluding the probability of turnover) in the NYC data (Appendix Table B2), mitigating concerns

for non-classical measurement error. Clearly, this test cannot be performed with the Wiscon-

sin data. While this result plausibly applies for VA estimated before Act 10 (when teachers’

turnover was arguably more random), it might not hold after 2011 (when sorting could happen

in response to a change in pay). I discuss the implications of non-classic measurement error

along with the description of my results (Section 6).

VA estimates are available for 20,370 teachers of Mathematics and Reading in grades 4 to

8, including the final sample of 16,862 tenured teachers in 98 FP and 119 SP districts serving

elementary and middle schools (see Appendix Table A4 for a summary).29

My empirical analyses use two measures of VA. The first is ex ante VA, calculated as the

average teacher effect for the years 2007–2011. This measure is constructed to parse out any

effects of Act 10 on effort and to focus on selection. The second is a time-varying measure,

allowed to vary before and after Act 10 for each teacher and used to study changes in effort.

By construction, ex ante VA is only available for the subsample of teachers who were already

in the system before 2011. While this does not affect the estimation of VA per se (which uses

information on all teachers in a given grade and year), analyses of teacher selection will be

based on this (possibly selected) subset of teachers. Appendix Table A5 compares teachers with

and without ex ante VA on the basis of observables. Perhaps not surprisingly, teachers with ex

ante VA have higher experience. Their ex post VA, however, is not statistically different from that

of teachers without ex ante VA.

4 Salary Responses to Act 10

Act 10 gave districts considerable flexibility over the design of teacher pay. I start my empir-

ical analysis by quantifying how salaries changed in FP and SP districts in the aftermath of the

reform. I focus on two metrics: the degree of pay dispersion among teachers with similar expe-

rience and education and the relationship between salaries and teacher quality, measured with

value-added. Appendix Figure A6 plots the full distribution of salaries in FP and SP districts

29VA estimates are not available for teachers in 7 high school districts, since standardized test scores are not ad-
ministered in high school. Although most of the empirical analysis is restricted to tenured teachers, VA is calculated
for all teachers.
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between 2007 and 2015.

Dispersion in Salaries. Figure 1 shows median salaries and interquartile ranges by two-year

experience classes and for teachers with a Master’s degree, in two large and comparable urban

districts: Racine (top panel), a SP district, and Green Bay (bottom panel), a FP district.30

Before Act 10, the salary distribution was very similar across the two districts (although base

salaries were lower in Green Bay). Median salaries for teachers with 5 or 6 years of experience

were equal to $54,337 in Racine (with an interquartile range of $10,308) and to $47,799 in Green

Bay (with an interquartile range of $5,962). For teachers with 11 or 12 years of experience the

median was $66,285 in Racine (with an interquartile range of $11,205) and $59,452 in Green Bay

(with an interquartile range of $9,426).

After Act 10, the difference in salary dispersion between the two districts becomes striking

(bottom panel). The interquartile range for teachers with 5 or 6 years of experience was equal to

$7,923 in Racine and $13,127 in Green Bay. For teachers with 11 or 12 years of experience it was

$10,739 in Racine and $11,088 in Green Bay. No differences in salary dispersion can be observed

for teachers with higher levels of experience.

To more systematically quantify the increase in dispersion across all FP and SP districts,

Figure 2 shows the trend in the FP-SP difference in the quartile coefficient of dispersion (QCD),

defined as the difference between the 75th and 25th percentile of salaries divided by its sum,

and calculated within each district and for teachers with similar experience and education. This

measure is meant to capture the dispersion in salaries in a way that is insensitive to changes in

the salary levels. The FP-SP difference in QCD is flat and indistinguishable from zero between

2007 and 2011; it increases to 0.3 percent in 2012, remaining at this level until 2015.31 This finding

is robust to using other measures of dispersion, such as the coefficient of variation. The increase

in pay dispersion indicates that the departure from a salary schedule regime in FP districts led

to teachers with the same experience and education earning different salaries. This suggests

that FP districts used their newly-acquired flexibility to compensate teachers for attributes not

rewarded by a standard lock-step schedule.

To understand the extent to which the observed increase in pay dispersion is driven by

changes in salaries of incumbent teachers (i.e. teachers who were already in the district in the

previous year) as opposed to changes in salaries offered to new hires, I re-estimate the FP-SP

difference in QCD solely on the subsample of incumbents. While imprecisely estimated, the
30The two districts are comparable in size, enrolling 20,514 and 20,457 students in 2012, respectively.
31Trends in the raw QCD for FP and SP districts are shown in Appendix Figure A7.
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Figure 1: Empirical Salary Schedule - Median and Interquartile Range of Salaries, 2008–2011 and
2012–2015, School Districts of Racine (top) and Green Bay (bottom)

Panel A: Racine Unified School District

Panel B: Green Bay Area School District

Notes: Median and interquartile range of salaries, by two-year experience classes, for teachers in the
school districts of Racine (panel A) and Green Bay (panel B), for the years 2008–2011 (grey line and
lighter area) and 2012–2015 (black line and darker area). The bars correspond to counts of teachers in each
seniority bin. The sample is restricted to teachers with 3 to 35 years of experience and with a Master’s
degree.
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post-Act 10 increase in this difference is smaller than the one on the full sample but greater than

zero (Figure 2, dashed line). This indicates that the post-Act 10 increase in pay dispersion is

driven by both changes in salaries for new hires and pay renegotiation for incumbent teachers.

Figure 2: Quartile Coefficient of Dispersion in Salaries: FP-SP Difference, 2008–2015

Notes: Point estimates and 90% confidence intervals of the FP-SP difference in the median QCD (relative to
the difference in 2011). The differences are estimated as δs in the equation kijt = αFPj +

∑
s6=2011 δsFPj ∗

τs + τt + εijt, where kijt is the QCD of group i of teachers in district j and year t, FPj equals 1 for
FP districts, and τt are year fixed effects. Each group contains teachers with the same experience and
education in each district and year. QCDs are calculated as the ratio between the difference and the sum
of the 75th and 25th percentiles of salaries, computed separately for each group of teachers. The sample
is restricted to tenured teachers (with more than 3 years of experience) working in FP, SP, and matched
SP districts. The matched sample of SP districts is obtained via nearest-neighbor matching on observable
characteristics of the school districts. The sample of incumbents contains teachers already teaching in the
district in the previous year.

Salaries and Teacher Quality. What drove the post-Act 10 increase in salary dispersion in FP

districts? To answer this question, the ideal test would estimate the correlation between pay and

those teacher attributes, not rewarded under seniority pay, that districts may want to compen-

sate under a FP scheme, including (but not limited to) preparedness, progress, leadership, and

professional development. Most of these attributes, however, are only observable to principals

and other school administrators and are difficult to measure. I hence settle on a more modest

task and study the correlation between salaries and teacher value-added, conditional on expe-

rience and education. While districts do not observe nor explicitly use value-added to evaluate

teachers, this measure could be correlated with other attributes that districts can observe and

value.

I estimate this correlation using the following model:

log(wijt) = δ0V Ait + δV Ait ∗ postt + βXw
it + θj + τt + εijt (5)

20



where wijt is the salary earned by teacher i in district j and year t, V Ait is teacher value-added

(calculated as the average over the years 2007–2011 and 2012–2015, and standardized to have

mean 0 and variance 1), and the variable postt equals 1 for the years 2012–2015. The vector Xw
it

controls for experience and education in a flexible way, and includes a non-parametric function

of years of experience, interacted with indicators for the highest education degree and with a

dummy for years after 2011 (to allow the gradient between salaries, experience, and education

to vary after Act 10). The vector of district fixed effects θj controls for district-specific differences

in salaries and the vector of year fixed effects τt controls for time trends in a non-parametric way.

I estimate the equation using OLS, and calculate bootstrapped standard errors (to account for

the fact that VA is an estimated variable) clustered standard errors at the district level. In this

specification, the coefficient δ0 captures the conditional correlation between salaries and value-

added before 2011, while the parameter δ captures the change in this correlation after 2011.

In the sample of FP districts, the conditional correlation between salary and value-added is

indistinguishable from zero until 2011 (with an estimate of δ0 equal to -0.0008, Table 2, column

1, p-value equal to 0.71), and it becomes positive and significant after 2011 (with an estimate of δ

equal to 0.005, Table 2, column 1, significant at 5 percent). This implies that a one-standard devi-

ation higher value-added is associated with a 0.5 percent higher salary. In the full and matched

samples of SP districts, estimates of δ are instead much smaller and indistinguishable from zero

(equal to 0.1 and 0.2 percent respectively, Table 2, columns 2 and 3). Estimates of δ for FP and

SP districts are also significantly different from each other (Appendix Table A8).32 Consistently

with Figure 1, estimates of δ are larger for teachers with less than 10 years of experience in FP

districts (1.4 percent, Table 2, column 4, significant at 1 percent).

To assess how the correlation between salaries and teacher quality changed over time and to

check for the existence of pre-trends, I estimate the parameter δ separately for each year between

2008 and 2015 and for FP and SP districts. These estimates, shown in Figure 3, are indistinguish-

able from zero and very similar across both groups of districts in the years 2008–2011. In line

with Table 2, estimates become positive and statistically significant in FP districts after 2011,

reaching 0.5 percent in 2013 (Figure 3, solid line). They instead remain indistinguishable from

zero in SP districts until 2015 (Figure 3, dashed line).

Appendix Figure A9 shows the semi-parametric relationship between salaries and value-

added, captured by the pre- vs. post-Act 10 difference in conditional salaries by deciles of value-

32Tests for the differences in the estimates of δ between FP and SP districts are reported in Table A8.
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Table 2: Teacher Salaries and Value-Added. OLS, Dependent Variable is log(Salary)

All teachers Teachers with ≤10 years of experience

(1) (2) (3) (4) (5) (6)
FP SP (full) SP (matched) FP SP (full) SP (matched)

VA -0.0008 -0.0011 -0.0017 -0.0081∗ -0.0014 -0.0020
(0.0022) (0.0011) (0.0026) (0.0045) (0.0020) (0.0036)

VA * post 0.0048∗∗ 0.0014 0.0025 0.0137∗∗∗ 0.0015 0.0028
(0.0024) (0.0015) (0.0024) (0.0050) (0.0029) (0.0032)

Year FE Yes Yes Yes Yes Yes Yes

District FE Yes Yes Yes Yes Yes Yes

Edu*exp*post Yes Yes Yes Yes Yes Yes
Observations 39445 48507 19986 12129 16216 6188
# districts 98 119 54 98 118 54

Notes: The dependent variable is the natural logarithm of salaries. The variable VA is teacher value-
added, normalized to have mean 0 and standard deviation 1. The variable post equals 1 for years fol-
lowing 2011. All the regressions include year and district fixed effects, as well as indicators for years
of experience interacted with indicators for highest education degree interacted with post. Value-added
is calculated as the average of a time-varying measure over the years 2007–2011 and 2012–2015. The
sample is restricted to tenured teachers (with more than 3 years of experience) working in FP, SP, and
matched SP districts, and covers years 2007 to 2015. In columns 4-6, the sample is further restricted to
include to teachers with less than 10 years of experience. The matched sample of SP districts is obtained
via nearest-neighbor matching on observable characteristics of the school districts. Bootstrapped stan-
dard errors in parentheses are clustered at the district level. *** p < .01, ** p < .05, * p < .1.

added. In FP districts, teachers in the top decile earn approximately 2.5 percent more than

teachers in the bottom decile (significant at 1 percent), whereas in SP districts they earn only

1.1 percent more (significant at 10 percent). The correlation between conditional salaries and

value-added is highest for teachers with 4 or 5 years of experience in FP districts (2.3 percent,

significant at 1 percent), whereas it is indistinguishable from zero for teachers with more than

10 years of experience in FP districts, and for all teachers in SP districts (Appendix Figure A10).

Although positive, estimates of δ are small in magnitude, and at a first glance it might seem

hard to believe that such small salary premia produce any change in teacher behavior at all. It

should be emphasized, however, that districts do not use value-added when making decisions

over teacher pay. Interviews with FP districts’ administrators reveal that that their post-Act 10

schemes are designed to reward teachers for a number of attributes, including (but not limited

to) their preparation, leadership, learning, and professional development.33 If these characteris-

tics have a positive but small correlation with value-added, this could result in low estimates of

33From interviews with superintendents of a subset of 12 FP and SP districts, conducted in December 2017.
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Figure 3: Correlation, Salaries and Value-Added: FP and SP Districts, 2008–2015

Notes: OLS estimates and 90% confidence intervals of the coefficients δs in the regression log(wijt) =∑2015
s=2008 δsτs ∗ V Ait + βXw

it + θj + τt + εijt. The variable log(wijt) is the natural logarithm of salary for
teacher iworking in district j in year t. The variable V Ait is teacher value-added. The vectorXw

it includes
a non-parametric function of years of experience, interacted with indicators for the highest education
degree and with a dummy for years after 2011. The vector θj contains district fixed effects and the vector
τt contains year fixed effects. The coefficients δs are estimated separately for FP and SP districts. Value-
added is calculated as the average of a time-varying measure over the years 2007–2011 and 2012–2015.
The sample is restricted to tenured teachers (with more than 3 years of experience) working in FP and SP
districts. Bootstrapped standard errors are clustered at the district level.

δ due to attenuation bias.34 In light of this, the estimates of δ should be interpreted as suggestive

evidence that districts use their post-Act 10 pay flexibility to reward teacher characteristics that

are, at least to some extent, positively correlated with value-added, rather than as true estimates

of the actual salary premia enjoyed by teachers under the new payment scheme.

5 Movements, Exits, and Changes in Workforce Composition

The cross-district differences in salaries that arose in the aftermath of Act 10 changed teach-

ers’ job prospects. A simple Roy model (Roy, 1951, outlined in Appendix C) predicts that a

switch to a FP regime in some (but not all) districts would induce high-quality teachers to move

from SP to FP districts, and low-quality teachers to either move in the opposite direction or to

leave the market. The intuition behind this result is that a SP scheme under-compensates high-

quality teachers relative to a FP scheme, whereas a FP scheme penalizes low-quality teachers. I

34Papay and Kraft (2015) shows that professional development is associated with improvements in teacher quality.
Dobbie (2011) demonstrates that teacher leadership is a good predictor of future student test scores among Teach for
America corps. Jackson et al. (2014) provide a review of the literature on teacher attributed associated with value-
added. In Appendix Table A9 I also test whether FP districts pay higher salaries to teachers in subjects that usually
experience teacher shortages, such as Math and Science, conditional on experience, education, and value-added.
These estimates do not show significant premiums for teachers in these subjects.
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Figure 4: Moving Rates, by District of Origin and Destination

Panel A: Movers to flexible pay districts Panel B: Movers to seniority pay districts

Notes: Shares of teachers changing district, by type of district of origin and destination. Shares are defined
with respect to the district of origin.

test these predictions by studying teachers’ movements across districts and exits from this labor

market.

5.1 Movements Across Districts

Teacher movements increased rapidly in the aftermath of Act 10, across districts of different

type (i.e. from FP to SP and vice versa) as well as within districts of the same type (Figure 4).

Moving rates (defined as the ratio between the number of teachers moving to a certain type of

district and the total number of teachers in the type of district of origin) increased from 1.8 to 4.3

percent from SP to FP, and from 2.0 to 3.9 percent from FP to SP. Similarly, movements between

SP districts increased from 2.0 to 3.9 percent and movements between FP districts increased

from 2.4 to 4.7 percent.35

Although the post-Act 10 increase in moving rates is fairly similar across types of districts,

the characteristics of movers could be different. For example, the introduction of a FP regime

(which rewards quality) could have induced higher VA teachers to move from SP to FP districts

and lower VA teachers to move in the opposite direction. To test this hypothesis I study whether

the the probability of moving to a district of a given type (conditional on the district of origin)

35Such a large increase in movements within districts of the same type might appear surprising. It can, however, be
rationalized by considering that the overall increase in movements and exits after Act 10 led to a surge in vacancies.
This could have induced some teachers to move between districts of the same type for reasons not strictly related
to salaries. The empirical evidence on movements across districts of the same type does not show clear patterns of
sorting with respect to quality.
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differs between high- and low-quality teachers. I use the following models:

MoveFPikjt = βFP0 highV Ai + βFPhighV Ai ∗ postt + γFP1 Xit + γFP2 Zjt + θk + τt + εikjt (6)

MoveSPikjt = βSP0 highV Ai + βSPhighV Ai ∗ postt + γSP1 Xit + γSP2 Zjt + θk + τt + εikjt (7)

whereMoveFPikjt equals 1 if teacher imoves from a district k to a district j of type FP in year t,

and MoveSPikjt equals 1 if teacher i moves from a district k to a district j of type SP in year t.36

The variable highV Ai equals one for teachers with ex ante value added above the median. The

vector Xit includes indicators for the number of years of experience interacted with indicators

for the highest education degree. The vector Zjt controls for characteristics of the district of

destination, such as an array of pre-Act 10 teacher, student, and district attributes interacted with

an indicator for year t, as well as indicators for whether the district had a union recertification

election in year t and whether the election was successful.37 The vector θk includes fixed effects

for the district of origin. I estimate the model via OLS, separately for teachers working in FP and

SP districts in the previous year, and I cluster standard errors at the level of the district of origin.

The coefficients βFP and βSP estimate the post-Act 10 change in the probability of moving to a

FP or SP district, respectively, for high-quality teachers relative to low-quality ones.

OLS estimates indicate sorting of high-quality teachers from SP to FP districts and sorting of

lower-quality teachers from FP to SP districts. Teachers in SP districts with VA above the median

were 0.34 percentage points more likely to move to a FP district after Act 10 compared with

teachers with VA below the median (estimate of high VA * post, Table 3, column 1, significant at

10 percent). Compared with an average moving rate from SP to FP of 0.27 percent in 2008-2011,

this corresponds to a 113 percent increase. By comparison, higher-quality teachers in FP districts

are -0.50 percentage points less likely to move to a SP district after Act 10 compared with lower

VA teachers, or -167 percent (Table 3, column 3, significant at 1 percent). Higher VA teachers

are only 0.13 percentage points more likely to move across FP districts (Table 3, column 1, p-

value equal to 0.42), and-0.30 percentage points less likely to move across SP districts (Table 3,

column 4, significant at 10 percent). Estimates are robust to excluding Milwaukee and Madison

(Appendix Table A10), and to using the matched sample (Appendix Table A11).

To investigate the presence of pre-trends, in Figure 5 I allow βFP and βSP to vary over time
36If district j is SP, MoveFPikjt = 0; similarly, if district j is FP, MoveSPikjt = 0.
37Pre-Act 10 characteristics include the 2009–2011 averages of enrollment, share of low-SES students, salary for all

teachers and for teachers with less than 5 years of experience, property values per pupil, indicators for urban and
suburban districts, total expenditure and state aid per pupil, share of teachers with a Master, with less than 3 years
of experience, and with more than 20 years of experience.
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Table 3: Teacher Sorting. OLS, Dependent Variable Equals 1 for Teachers Moving to
or Exiting From a District

Moving to FP Moving to SP Exiting from

(1) (2) (3) (4) (5) (6)
from SP from FP from FP from SP FP SP

high VA 0.0001 -0.0017 0.0009 0.0005 0.0033 0.0033
(0.0010) (0.0011) (0.0013) (0.0010) (0.0048) (0.0044)

high VA * post 0.0034∗ 0.0013 -0.0050∗∗∗ -0.0030∗ -0.0179∗ -0.0055
(0.0018) (0.0016) (0.0019) (0.0016) (0.0093) (0.0062)

Year FE Yes Yes Yes Yes Yes Yes

District controls Yes Yes Yes Yes Yes Yes

CB controls Yes Yes Yes Yes Yes Yes

Teacher controls Yes Yes Yes Yes Yes Yes
Observations 33734 30172 30172 33734 17881 22537
# districts 121 100 100 121 98 119
Y-mean 0.003 0.004 0.003 0.003 0.041 0.041

Notes: The dependent variable equals 1 for teachers who move to a FP district (columns 1-
2), move to a SP district (column 3-4), exit from a FP district (column 5), and exit from a SP
district (column 6). In columns 1 and 4 the sample is restricted to teachers already working
in a SP district; in columns 2 and 3 it is restricted to those already working in a FP district.
The variable high VA equals one for teachers with ex ante VA above the median. The variable
post equals 1 for years after Act 10. All the regressions include year and district fixed effects.
District controls include interactions between 2009–2011 averages of district characteristics
interacted with year fixed effects. CB controls include an indicator for whether the district
had a union recertification election in year t and whether the election was successful. Teacher
controls include indicators for the number of years of experience and for the highest educa-
tion degree. Columns 5 and 6 control non-parametrically for age. Ex ante VA is calculated
as the average of a time-varying measure over the years 2007–2011. The sample is restricted
to tenured teachers (with more than 3 years of experience) working in FP and SP districts,
and covers years 2008 to 2015 (columns 1-4) and years 2008 to 2012 (columns 5-6). Standard
errors in parentheses are clustered at the district level. *** p < .01, ** p < .05, * p < .1.

between 2008 and 2015, normalizing it to zero in 2011. Time-specific estimates of βFP on the

subsample of teachers working in SP districts are very close to zero between 2008 and 2010,

confirming the absence of pre-trends; they become positive and significant after 2011, reaching

0.4 percentage points in 2012 (significant at 5 percent). Estimates of βSP on the subsample of

teachers working in FP districts are also indistinguishable from zero between 2008 and 2010,

and they become negative after 2011, dropping to -0.9 percentage points in 2014 (significant at 5

percent).

As an additional test of sorting, in columns 1 and 2 of Table 4 I estimate the post-Act 10

difference in VA between movers to FP districts and movers to SP districts. I use the following
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empirical model on the subsample of teachers who move across districts in each year:

V A
m(kjt)
i = β0FPj + βFPj ∗ postt + γ1Xit + γ2Zjt (8)

+ η1FPk + η2FPk ∗ postt + η3FPk ∗ FPj + η4FPk ∗ FPj ∗ postt + τt + εijkt

where V Am(kjt)
i is average ex ante VA of teacher i, who moves from district k to district j in year

t. The coefficient β captures the post-Act 10 change in VA of movers to FP districts after Act 10,

conditional on the district of origin and relative to movers to SP districts.

OLS estimates of β on the full sample of FP and SP districts indicate that, after Act 10 and

conditional on the district of origin (captured by FPk and its interactions with FPj and postt),

movers to FP districts have a 0.36 standard deviations higher VA compared with movers to SP

districts (Table 4, column 1, significant at 10 percent). The estimate is robust to controlling for

various school district budget items, including per-teacher expenditure on salaries, retirement,

health and other insurance, as well as total per-student expenditure and state aid (0.37 standard

Figure 5: Difference in Moving Rates, High VA vs. Low VA Teachers, by District of Origin and
Destination

Notes: Estimates and 90% confidence intervals of β in the regressionMovetoWikjt =
∑2015
s=2008 βshighV Ai∗

τs + γ1Xit + γ2Zjt + θk + τt + εikjt, where MovetoWikjt equals 1 if teacher i moves from district k to
district j of type W in year t, and W = {FP, SP}. highV Ai equals one for teachers with ex ante VA
above the median, τt are year fixed effects, Xit is a vector of teacher controls (including indicators for the
number of years of experience and for the highest education degree), Zjt are controls for the district of
destination (including interactions between the 2009–2011 averages of district characteristics interacted
with year fixed effects and indicator for whether the district had a union recertification election in year t
and whether the election was successful), and θk are district-of-origin fixed effects. The parameter β2011

is normalized to zero. The solid line includes teachers moving out of SP, the dashed line includes teachers
moving out of FP. Standard errors are clustered at the district level.
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deviations, Table 4, column 2, significant at 10 percent). Estimates on the matched sample are

similar in magnitude, although less precise (0.27 and 0.31 standard deviations, Appendix Table

A11, columns 1-2, p-values equal to 0.40 and 0.40, respectively).

The findings presented so far are in line with the theoretical predictions of a simple Roy

model: After Act 10, high-quality teachers sort into FP districts and lower-quality teachers sort

into SP districts.

Table 4: Changes in the Composition of Movers and Exiters. OLS, Dependent Variable is Ex
Ante Teacher VA

(1) (2) (3) (4)
Movers Movers Exiters Exiters

FP -0.0336 0.0023 0.0024
(0.1618) (0.0776) (0.0880)

FP * post 0.3630∗ 0.3721∗ -0.1837∗∗ -0.1879∗∗

(0.2095) (0.1973) (0.0846) (0.0892)

Year FE Yes Yes Yes Yes

District controls Yes Yes Yes Yes

CB controls Yes Yes Yes Yes

Teacher controls Yes Yes Yes Yes

Budget controls Yes No No Yes
Observations 628 630 2516 2075
# districts 147 149 213 206

Notes: The dependent variable is ex ante teacher VA. Columns 1-2 and 5-6 are estimated on the subsam-
ple of movers to a district; columns 3-4 are estimated on the subsample of leavers from a district (defined
as teachers who leave Wisconsin’s teaching workforce). The variable FP equals 1 for FP districts. The
variable post equals 1 for years following 2011. All the regressions include year fixed effects. District con-
trols include interactions between the 2009–2011 averages of district characteristics interacted with year
fixed effects. CB controls include an indicator for whether the district had a union recertification election
in year t and whether the election was successful. Teacher controls include indicators for the number of
years of experience and for the highest education degree. Budget controls are district-year-level controls
for the level of state aid as a share of total revenues, as well as per-teacher expenditure on salaries, re-
tirement, health, life, and other insurance, and other employee benefits. Columns 1-2 include indicators
for the type district of origin (FP or SP), interacted with FP and with post. Columns 3-4 control non-
parametrically for age. Ex ante VA is calculated as the average of a time-varying measure over the years
2007–2011. The sample is restricted to tenured teachers (with more than 3 years of experience) working
in FP and SP districts, and covers years 2008 to 2015. Standard errors in parentheses are clustered at the
district level. *** p < .01, ** p < .05, * p < .1.

Salaries of Movers. The Roy model implies that the observed cross-district sorting patterns

are driven by higher salaries in the district of destination. To provide evidence in line with this

prediction, I conduct an event study of post-Act 10 changes in salaries (conditional on experience

and education) for high and low VA movers across different types of districts. I estimate the
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following model on the subsample of teachers who move at least once between 2007 and 2015:

log(wijt) =

3∑
k=−3

β0k1(t−Y m(j)
i = k)+

3∑
k=−3

βk1(t−Y m(j)
i = k)∗1(Y

m(j)
i > 2011)+γXw

it+θj+τt+εijt

(9)

where the variable Y m(j)
i denotes the year in which teacher i moves to district j.38 Normalizing

β0−1 and β−1 to be zero, the parameter vector β0 estimates the salary premium (or loss) in the

3 years before and after a teacher moves (relative to the year preceding a move), whereas the

parameter β captures the change in this premium after Act 10. I estimate this model on the sub-

sample of teachers who move at least once between 2007 and 2015, and separately for teachers

with VA above and below the median (equal to -0.013 for this subsample) and for teachers in FP

and SP districts.

Figure 6: Salaries of Movers Around A Move

Panel A: Flexible pay Panel B: Seniority pay

Notes: OLS estimates and 90% confidence intervals of the coefficients βs in the regression log(wijt) =∑3
k=−3 β

0
k1(t − Y

m(j)
i = k) +

∑3
k=−3 βk1(t − Y

m(j)
i = k) ∗ 1(Y

m(j)
i > 2011) + γXw

it + θj + τt + εijt.
The variable log(wijt) is the natural logarithm of salary for teacher i working in district j in year t. The
variable Y m(j)

i denotes the year in which teacher i moves to district j, 1(.) is an indicator function, and
the vector Xw

it includes a non-parametric function of years of experience, interacted with indicators for
the highest education degree and with a dummy for years after 2011. θj are district fixed effects and τt
are year fixed effects. The coefficient β−1 is normalized to 0. The parameters are estimated separately
for teachers in FP and in SP districts and with ex ante VA above and below the median. The sample
is restricted to tenured teachers (with more than 3 years of experience) working in FP and SP districts.
Standard errors are clustered at the district level.

OLS estimates of the vector βk, shown in Figure 6, indicate that high-quality movers to FP

districts experienced a significant 4.5 percent conditional salary increase in the year after a move,

compared with similar teachers who moved before Act 10 (Figure 6, Panel A, solid line, signifi-

38For teachers who move more than once between 2007 and 2015, I consider only the earliest move. The results are
robust to using the latest move.
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cant at 5 percent). Notably, no trends in salaries differences can be observed in the years leading

to a move. This premium persists up to 3 years following a move. Low-quality teachers, on the

other hand, did not experience any significant change in salaries after moving to a FP district

after Act 10 (Figure 6, Panel A, dashed line). Similarly, high-quality and low-quality movers

to SP districts experienced no differential change in post-move salaries after Act 10 (Figure 6,

Panel B). Estimates on the matched sample are very similar (Appendix Figure A15). These find-

ings provide suggestive evidence that, in the aftermath of Act 10, high-quality teachers were

attracted to FP districts by the prospect of higher salaries.

5.2 Exit from Public Schools

The increase in movements of teachers across districts after Act 10 was accompanied by a

surge in exit (Figure 7).39 In 2011, 2.1 percent and 2.7 percent of teachers left from FP and SP

districts in each year, respectively. In 2012, these rates increased to 4.0 and 4.9 percent.40

Figure 7: Exit Rates, by District of Origin

Notes: Share of teachers leaving Wisconsin public schools, by type of district of origin.

Although trends in exit rates appear similar across the two groups of districts, the character-

istics of the teachers who left could be different. For example, the introduction of quality pay

in FP districts could have induced low-quality teachers to exit at a higher rate compared with

39Exit rates are defined as the share of individuals who disappear from the records of employees in Wisconsin
public schools. Reasons for exit include retirement, dropping out of the labor force, a move to a to private school or
to another industry/occupation. The staff data does not allow me me to observe a teacher after she leaves, and I am
thus unable to distinguish among these reasons.

40The spike in exits is partly due to a surge in retirement (Roth, 2017; Biasi, 2017): exit rates of teachers above age
55 increased from 6.2 to 10.2 percent in FP districts and from 7.8 to 13.0 percent in SP districts. They however also
increased for teachers below age 55, from 0.8 to 1.5 percent in FP districts and from 1.1 to 1.8 percent in SP districts.
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high-quality teachers. To test this hypothesis I estimate the following equation:

eijt = β0highV Ai + βhighV Ai ∗ postt + γ1X
e
it + γ2Zjt + θj + τt + εijt (10)

where eijt equals one if teacher i leaves the market from district j in year t. The vector Xe
it

includes indicators for the highest education degree, as well as a non-parametric control for age

and experience interacted with an indicator for years after 2011, to account for a differential

propensity to retire after Act 10 (Roth, 2017; Biasi, 2017). Since the bulk in retirement occurred

in 2012 I estimate this equation on the years 2008–2012, separately for teachers in FP and SP

districts.

OLS estimates of β (shown in Table 3) indicate that, after Act 10, teachers with VA below

the median were 1.8 percentage points more likely to exit from a FP district compared with

teachers with VA above the median (with an estimate of high VA * post equal to -0.018, Table 3,

column 5, significant at 10 percent). Compared with an average exit rate of 4.1 percent percent

for FP districts in 2007-2011, this corresponds to a 44 percent increase in this probability. By

comparison, this estimate is indistinguishable from zero in the full sample of SP districts (-

0.0055, Table 3, column 5, p-value equal to 0.38) and in matched SP districts (-0.0093, Table

A11, column 6, p-value equal to 0.33).41 Year-specific estimates of β for the years 2008–2011,

shown in Figure 8, are very close to zero for both FP and SP districts, confirming the absence of

pre-trends. They become negative and significant in 2012 in FP districts (with an estimate of -2.0

percentage points, significant at 10 percent).

To quantify the overall change in VA for teachers who exit from SP and FP districts, I estimate

the following model on the subsample of leavers:

V A
e(jt)
i = β0FPj + βFPj ∗ postt + γ1X

e
it + γ2Zjt + εijt (11)

The coefficient β captures the post-Act 10 difference in VA of leavers from FP districts relative

to SP, conditional on the district of origin. Estimates on the full sample of FP and SP districts

indicate that, after Act 10, VA of leavers from FP districts was 0.18 standard deviations smaller

than VA of leavers from SP districts (Table 4, column 4, significant at 5 percent). Estimates on

the subsample of matched FP and SP districts are even larger in magnitude, with -0.26 standard

deviations (Appendix Table A12, column 8, significant at 1 percent). Taken together, these results

41Estimates are robust to excluding Madison and Milwaukee (Appendix Table A10).
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Figure 8: Difference in Exit Rates, High VA vs. Low VA Teachers, by District of Origin

Notes: Estimates and 90% confidence intervals of β in the regression eijt =
∑2015
s=2008 βshighV Ai ∗ τs +

γ1X
e
it + γ2Zjt + θj + τt + εijt, where eijt equals one if teacher i leaves the market from district j in year t,

highV Ai equals one for teachers with ex ante VA above the median, τt are year fixed effects,Xe
it is a vector

of teacher controls (including indicators for years of experience, age, and highest education degree), Zjt
are district controls, including the 2009–2011 averages of district characteristics interacted with year fixed
effects, and indicator for whether the district had a union recertification election in year t and whether
the election was successful, and θj are district fixed effects. The parameter β2011 is normalized to equal
zero. Standard errors are clustered at the district level.

indicate a disproportionate exit of lower-quality teachers from FP districts compared with SP

districts after Act 10.

Salaries of Exiters. Next, I test whether this exit flow is related to a decline in salaries. I estimate

the following model:

log(wijt) = β0eijt+1 + βeijt+1 ∗ postt + βXw
it + θj + τt + εijt (12)

I estimate this model separately for teachers in FP and SP districts and with value added above

and below the median. Estimates of β capture the post-Act 10 difference in salaries of leavers in

the year immediately preceding their exit.

OLS estimates of β, shown in Table 5, indicate that teachers with VA above the median who

left FP districts after Act 10 experienced a small and insignificant change in salaries right before

leaving, compared with similar teachers who exited before Act 10 (0.0019, Table 5, column 1, p-

value equal to 0.95). Teachers with VA below the median, on the other hand, experienced a large

2.7 percent decline in salaries (Table 5, column 2, significant at 1 percent). In SP districts high VA

leavers experienced a 1.3 percent salary decline after Act 10 (Table 5, column 3, significant at 1

percent), whereas low VA teachers experienced no significant change (Table 5, column 4). These
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estimates are robust to using the matched sample (columns 5-6). These findings are consistent

with the Roy model, which predicts that the disproportionate exits of lower-quality teachers

from FP districts and of higher-quality teachers from SP districts are driven by lower salaries.

Table 5: Salaries and Exit. OLS, Dependent Variable is log(Salary)

Flexible pay Seniority pay (full) Seniority pay (matched)

(1) (2) (3) (4) (5) (6)
VA≥med VA< med VA≥med VA< med VA≥med VA< med

exit -0.0105∗∗ -0.0038 0.0063∗∗ -0.0068 0.0099∗ 0.0019
(0.0041) (0.0054) (0.0028) (0.0044) (0.0053) (0.0051)

exit * post 0.0019 -0.0272∗∗∗ -0.0126∗∗∗ 0.0050 -0.0138∗∗ 0.0026
(0.0125) (0.0101) (0.0045) (0.0057) (0.0067) (0.0069)

Year FE Yes Yes Yes Yes Yes Yes

District FE Yes Yes Yes Yes Yes Yes

Edu*exp*post Yes Yes Yes Yes Yes Yes
Observations 20133 19350 23857 24698 9533 10478
# districts 98 97 118 119 54 54

Notes: The dependent variable is the natural logarithm of salaries. The variable exit equals 1 for teach-
ers exiting from a district in the following year. The variable post equals 1 for years following 2011.
All the regressions include controls for a non-parametric function of years of experience, interacted
with indicators for the highest education degree and with post, as well as district and year fixed ef-
fects. The sample is restricted to tenured teachers (with more than 3 years of experience) working in
FP (columns 1-2), SP (columns 3-4), and matched SP districts (columns 5-6), and covers years 2008 to
2015. Columns 1, 3, 5 refer to teachers with ex ante VA above the median; columns 2, 4, 6 refer to teach-
ers with VA below the median. The matched sample of SP districts is obtained via nearest-neighbor
matching on observable characteristics of the school districts. Standard errors in parentheses are clus-
tered at the district level. *** p < .01, ** p < .05, * p < .1.

5.3 Composition of the Teaching Workforce

Movements of teachers across districts and exits from the market directly affect the compo-

sition of the teaching workforce. To quantify this change, I compare ex ante teacher VA in FP and

SP districts before and after the passage of Act 10. I estimate:

V Ai = β0FPj + βFPj ∗ postt + γ1Xit + γ2Zjt + τt + εijt (13)

The parameter β captures the change in VA in FP relative to SP districts after Act 10. Es-

timates of β, shown in Table 6, indicate that ex ante teacher VA increased by 0.048 standard

deviations in FP districts compared with SP after Act 10 (Table 6, column 1, significant at 10

percent). This estimates increases to 0.069 standard deviations with the inclusion of controls
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for teacher experience and education, for the district’s budget composition, and for measures

of union strength (column 3), and they are slightly smaller when controlling for district fixed

effects (column 4).

To gauge the extent to which the difference in teacher VA between FP and SP districts is due

to unobservables, I estimate an upper bound for the bias in β driven by unobservables using

the methodology of Altonji et al. (2005). This method relies on the condition that the portion

of a district’s average VA that is related to unobservables and the portion that is related to the

observables included as controls in column (3) have the same relationship with the type of post-

Act 10 pay structure. This exercise yields an upper bound for this bias equal to 0.005 standard

deviations, which implies that at most 7 percent of the estimated compositional change can be

attributed to time-varying unobservable differences between FP and SP districts.42

Estimates on the matched sample of FP and SP districts yield similar estimates (Table 6,

columns 5-8). Time-varying estimates of β (normalizing the estimate for 2011 to zero), shown

in Figure 9, are indistinguishable from zero between 2008 and 2010 and show no evidence of

pre-trends. They become positive after 2011, with 0.058 in 2012 (significant at 10 percent), and

remain high at this level through 2015.43

It should be noted, at this point, that the above analysis does not include new teachers,

for whom VA cannot be calculated. Appendix Figure A16 (top panel) shows that entry rates

(defined as the share of new teachers in the population) declined between 2008 and 2011 and

increased after Act 10 in both types of districts, possibly due to an increase in the number of

vacancies to be filled. If Act 10 induced better or more motivated teachers to enter the market

in FP districts, the estimates described so far would represent a lower bound of the true com-

positional change (Hoxby and Leigh, 2004; Rothstein, 2014).44 If instead the Act discouraged

these teachers from entering, the true compositional change would be smaller. It is also possible

that, as of 2015, the supply of new teacher had still not reacted to the policy change. Becoming a

teacher requires an education investment of at least two years (the length of a Master’s degree);

the supply of new teachers could therefore respond with a lag.

42This approach relies on estimating the parameter ρ as defined by Altonji et al. (2005), which represents the
correlation between the unobservable component of the independent variable of interest (in this case, FP*post) and
the unobservable component of the dependent variable. This parameter can be estimated using the estimates of a
regression of Equation (13) (including all the controls) and a regression of FP*post on the controls, as in Altonji et al.
(2005). I estimate ρ to be equal to 0.13.

43Trends in raw VA are shown in Appendix Figure A11.
44Hoxby and Leigh (2004) shows that the decline in the entry rates of high-quality teachers in US public schools

since 1960 can be attributed to increased compression in wages caused by the rise in unionization. Similarly, Roth-
stein (2014) demonstrates that higher salaries and lower tenure rates can improve the supply of new teachers.
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Table 6: Changes in the Composition of the Teaching Workforce. OLS, Dependent Variable is
Ex Ante Teacher VA

Full sample Matched sample

(1) (2) (3) (4) (5) (6) (7) (8)
FP -0.046 -0.047 -0.041 -0.051 -0.053 -0.070

(0.088) (0.088) (0.086) (0.095) (0.095) (0.088)

FP * post 0.048∗ 0.049∗ 0.069∗∗ 0.029∗∗ 0.047 0.047 0.080∗∗ 0.041∗∗

(0.027) (0.027) (0.033) (0.014) (0.030) (0.030) (0.040) (0.016)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

District controls Yes Yes Yes Yes Yes Yes Yes Yes

CB controls Yes Yes Yes Yes Yes Yes Yes Yes

Teacher controls No Yes Yes Yes No Yes Yes Yes

Budget controls No No Yes Yes No No Yes Yes

District FE No No No Yes No No No Yes
Observations 65845 65764 65464 65464 45901 45825 45525 45525
# districts 217 217 214 214 152 152 149 149

Notes: The dependent variable is ex ante teacher VA. The variable FP equals 1 for FP districts. The
variable post equals 1 for years following 2011. All the regressions include year fixed effects. District
controls include interactions between the 2009–2011 averages of district characteristics interacted with
year fixed effects. CB controls include an indicator for whether the district had a union recertification
election in year t and whether the election was successful. Teacher controls include indicators for the
number of years of experience and for the highest education degree. Budget controls are district-year-
level controls for the level of state aid as a share of total revenues, as well as per-teacher expenditure
on salaries, retirement, health, life, and other insurance, and other employee benefits. Ex ante VA is
calculated as the average of a time-varying measure over the years 2007–2011. The sample is restricted
to tenured teachers (with more than 3 years of experience) working in FP, SP, and matched SP districts,
and covers years 2008 to 2015. The matched sample of SP districts is obtained via nearest-neighbor
matching on observable characteristics of the school districts. Standard errors in parentheses are clus-
tered at the district level. *** p < .01, ** p < .05, * p < .1.

In an attempt to distinguish between these hypotheses, Appendix Figure A16 (bottom panel)

shows trends in the average selectivity of the institution where new teachers obtained their most

recent degree, an attribute shown to be correlated with quality (Ballou and Podgursky, 1997;

Clotfelter et al., 2010; Hoxby and Leigh, 2004). These trends do not show any change after 2011.

This suggests that the characteristics of new teachers did not vary much between 2012 and 2015.

This, however, does not eliminate the possibility that composition of the entrants pool could

change over a longer time span. One should interpret and generalize the above findings with

this caveat in mind.
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6 Effects on Teachers’ Effort

The pay scheme adopted by FP districts after Act 10 attracted higher VA teachers from other

districts and led lower VA teachers to leave. As movers and leavers represent only a small share

of the teachers’ population in each year, the resulting compositional change five years after the

policy change was rather modest in size. A pay scheme that rewards quality, however, could

affect all teachers (not only those who move or exit) through changes in the incentives to exert

more effort, with potentially larger effects on students.

To test this hypothesis I allow VA of each teacher to vary between the pre- and post-reform

periods. I then estimate the following model:

V Ait = β0FPj + βFPj ∗ postt + γ1Xit + γ2Zjt + τt + εijt (14)

where V Ait is time-varying VA of teacher i, working in district j in year t. In this equation, the

coefficient β captures the overall change in teacher quality after Act 10 in FP districts relative to

SP, driven by both changes in composition and changes in effort.

Figure 9: Changes in Teaching Workforce Composition. Ex Ante VA, FP vs. SP, 2008–2015

Notes: OLS estimates and 90 percent confidence intervals of the coefficients βs in the regression V Ai =
αFPj +

∑
s6=2011 βsFPj ∗ τs + γ1Xit + γ2Zjt + τt + εit, where V Ai is ex ante VA of teacher i employed

in district j in time t, FPj equals 1 for FP districts, Xit includes indicators for the number of years of
experience and the highest education degree, Zjt are district controls (including the 2009–2011 averages
of district-level characteristics interacted with year fixed effects, and indicator for whether the district
had a union recertification election in year t and whether the election was successful), and τt are year
fixed effects. The sample is restricted to tenured teachers (with more than 3 years of experience) working
in FP, SP, and matched SP districts. The matched sample of SP districts is obtained via nearest-neighbor
matching on observable characteristics of the school districts. Standard errors are clustered at the district
level.
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Table 7: Changes in Teacher Effort. OLS and 2SLS, Dependent Variable is Teacher VA

Full sample Matched sample

(1) (2) (3) (4) (5) (6)
Selection Effort Effort Selection Effort Effort
+ Effort (Inc.) (Teacher FE) + Effort (Inc.) (Teacher FE)

FP -0.0399 -0.0192 -0.0274 -0.0750 -0.1762∗ -0.0469
(0.0846) (0.0878) (0.0405) (0.0872) (0.0980) (0.0648)

FP * post 0.1071∗ 0.0998 0.0523 0.1485∗ 0.1743∗∗ 0.0982
(0.0636) (0.0665) (0.0629) (0.0784) (0.0732) (0.0782)

Year FE Yes Yes Yes Yes Yes Yes

District controls Yes Yes Yes Yes Yes Yes

CB controls Yes Yes Yes Yes Yes Yes

Teacher controls Yes Yes Yes Yes Yes Yes

Budget controls Yes Yes Yes Yes Yes Yes

Teacher FE No No Yes No No Yes
Observations 64554 46547 63791 44858 32719 44292
# districts 214 214 214 149 149 149

Notes: The dependent variable is VA of all teachers (columns 1, 3, 4, 6) and incumbent teachers
(columns 2 and 5). Incumbent teachers are defined as those who do not change district nor exit Wis-
consin public schools after Act 10. The variable FP equals 1 for FP districts. In columns 3 and 6, the
variable FP is instrumented with an indicator for whether a teacher has taught at least once in a FP
district between 2007 and 2011. The variable post equals 1 for years following 2011. All the regressions
include year fixed effects. District controls include interactions between 2009–2011 averages of district
characteristics and year dummies. CB controls include an indicator for whether the district had a union
recertification election in year t and whether the election was successful. Teacher controls include in-
dicators for each number of years of experience and for the highest education title (bachelor, Master,
Ph.D.). VA is calculated as the average of a time-varying measure over the years 2007–2011 and 2012–
2015. The sample is restricted to tenured teachers (with more than 3 years of experience) working in
FP, SP, and matched SP districts, and covers years 2008 to 2015. The matched sample of SP districts is
obtained via nearest-neighbor matching on observable characteristics of the school districts. Standard
errors in parentheses are clustered at the district level. *** p < .01, ** p < .05, * p < .1.

OLS estimates of β indicate that VA of teachers in FP districts increased by 0.11 standard de-

viations after Act 10 compared with VA of teachers in SP districts (Table 7, column 1, significant

at 10 percent). Assuming that this overall change is simply the sum of a compositional change

(estimated in column 3 of Table 6) and a change in effort, approximately 35 percent of the overall

increase in VA is due to changes in effort (0.107 - 0.069 divided by 0.107), whereas 65 percent is

driven by changes in composition. Time-varying estimates of β in Equation (14), shown in Fig-

ure 10 (solid thick line), show no evidence of pre-trends and indicate that this increase happened

in 2012 and persisted through 2015.

To more directly isolate changes in effort from changes in composition, I re-estimate equation
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Figure 10: Selection vs. Effort. VA, FP vs. SP, 2008–2015

Notes: OLS/IV estimates and 90 percent confidence intervals of the coefficients βs in the regression
V Ait = αFPj +

∑
s6=2011 βsFPj ∗ τs + γ1Xit + γ2Zjt + τt + εit, where V Ait is VA of teacher i employed in

district j in time t, FPj equals 1 for individual-salary districts, Xit includes indicators for the number of
years of experience and the highest education degree, Zjt are district controls (including the 2009–2011
averages of district-level characteristics interacted with year fixed effects, and indicator for whether the
district had a union recertification election in year t and whether the election was successful), and τt are
year fixed effects. The solid line coefficients (“Selection + Effort”) are estimated via OLS. The dashed line
coefficients (“Effort (IV)”) are estimated using IV. The sample is restricted to tenured teachers (with more
than 3 years of experience) working in FP and SP districts. Standard errors are clustered at the district
level.

(14) using the subsample of incumbent teachers, i.e. those who did not move or exit between

2007 and 2015. Although the effects are imprecisely estimated, their magnitude suggests that

the VA of incumbent teachers increased by approximately 0.1 standard deviations in FP districts

compared with SP after Act 10 (Table 7, column 2, p-value equal to 0.13). The sample of incum-

bent teachers, however, could be endogenous: The decision not to move nor exit from a given

type of district could be correlated with unobservable teacher characteristics also related to VA.

To address this issue I re-estimate equation (14) with teacher fixed effects, to capture the change

in VA within each teacher. This estimate is estimated imprecisely; its magnitude, however, is

consistent with the above decomposition (point estimate equal to 0.052 standard deviations, Ta-

ble 7, column 3). Estimates on the matched sample of FP and SP districts are larger and more

precise (Table 7, columns 4-6).

The above estimates are all based on a measure of VA that is allowed to change after Act 10.

The endogenous sorting of teachers after the reform could generate non-classical measurement

error in VA, for example if teachers who move to FP districts are assigned to systematically

different students (within schools) than movers to SP districts. Non-classical measurement error

in the dependent variable would lead to biased estimates of β; the direction and extent of the
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bias depend on the sign and magnitude of the correlation between the error and FPj . Appendix

Table A15 tests for changes in the characteristics of the students of the teachers who move to FP

and SP districts, in the year in which they move, before/after Act 10 and controlling for school

fixed effects.45 Movers to FP serve more low-SES students than movers to FP; no differences can

be registered in other student characteristics. A possible explanation for this is that movers to SP

districts after Act 10 are assigned slightly better students within each school for a compensating

differentials motive (since SP districts do not use their flexibility to compensate teachers). This

pattern of sorting could lead to overestimate the VA of movers to SP relative to movers to FP

districts, which would bias the estimate of β towards zero. Lastly, no evidence exists of sorting

of students across districts: the share of students who change district remains constant around

2011 (Appendix Figure A12).

Taken together, these results indicate that a change in teacher pay from one based on se-

niority to one that rewards quality affects both the composition of the teaching workforce and

teachers’ effort. Since a one standard deviation increase in VA leads to a 0.2 standard devia-

tions increase in student test scores (Chetty et al., 2014a), my estimates imply a 0.02 standard

deviations improvement in test scores in FP districts relative to SP districts after Act 10.46

The estimated increase in effort is in partial contrast with some existing works which show

no effects of financial incentives on teachers’ effort and productivity (Goodman and Turner,

2013; Fryer, 2013; de Ree et al., 2018) and conclude that alternative hiring and firing practices

are the only effective policies to improve teachers’ quality (Staiger and Rockoff, 2010; Rothstein,

2014). My findings are, however, based on a substantially different policy change, which does

not simply involve bonuses (such as Goodman and Turner, 2013; Fryer, 2013) or across-the-

board salary increases (de Ree et al., 2018), but instead dramatically and permanently changes

the entire structure of teacher pay.

7 A Model of the Teachers’ Labor Market

The evidence presented so far shows that the introduction of flexible pay in a subset of Wis-

consin districts led to an improvement in the composition of the teaching workforce in these dis-

tricts compared with the rest of the state. Albeit small in the short run, this effect could become

45The table shows estimates of γ in the equationZijt = γFPt∗postt+σs(jt)+τt+εijt, whereZijt are characteristics
of the students of teacher j, who moves to district j in year t, and σs are school fixed effects. Zijt include the share
of low-SES, Black, Hispanic, and English-language learners.

46As a benchmark, a reduction in class size from 22–25 to 13–17 students (35-40 percent) leads to a 0.2 standard
deviations increase in test scores (Krueger, 1999).
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larger over time as more low-quality teachers leave FP districts and more high-quality teachers

move from SP to FP districts. This, however, assumes that SP districts maintain a seniority-

based pay scheme in the medium and long-run. What would happen if, instead, flexible pay

were introduced in all districts?

The answer to this question is key to assessing the general-equilibrium effects of policies de-

signed to attract and retain high-quality teachers. The selection patterns outlined above, how-

ever, are the combination of both demand and supply forces; it is therefore difficult to provide

an answer extrapolating from these partial-equilibrium results. To address the limitations of

the reduced-form approach, I build and estimate a model of the teachers’ labor market and I

use it to simulate the effects of alternative salary schemes on the composition of the teaching

workforce.47

The model is an extended version of a simple Roy model with endogenous labor demand.

Utility-maximizing teachers supply labor to districts; districts hire teachers to maximize a pay-

off function that depends on teachers’ characteristics, subject to budget and capacity constraints.

Salaries are exogenously determined and district-specific. In equilibrium, each side of the mar-

ket maximizes its payoffs taking the choices of all other agents as given. Matches are formed as

a result.48

For the sake of tractability, the model does not fully capture all the features of teachers’

labor markets. First, teachers cannot choose effort and/or decide where to teach based on how

hard they want to work. Second, the model does not allow for a comparative advantage in

teaching in a certain district or to certain types of students. Third, I assume that the outside

option is fixed across teachers.49 Fourth, I do not explicitly model entry into the profession.

Lastly, I assume that salaries are exogenously determined, ruling out the possibility that districts

set them strategically. Despite these limitations, the model is able to capture and replicate the

47Older studies of teachers’ labor markets, such as Antos and Rosen (1975), estimate teacher labor supply using a
hedonic-salaries approach based on the consideration that, if salaries are set to clear the market, then the salaries and
the teacher-district matches observed in equilibrium are implied by (and can be used to derive) the preferences of
teachers and districts. Teacher salaries, however, are typically rigid and unable to fully adjust for differences in either
workers’ characteristics or the non-pecuniary attributes of their jobs. Hedonic models are hence not appropriate for
this setting.

48This model is similar to that of Boyd et al. (2013), who use many-to-one matching to estimate teachers’ and
schools’ preferences. My paper builds on this approach in two ways. First, I model districts’ choices as the outcome of
a constrained maximization problem, explicitly incorporating a budget constraint and a capacity constraint. Second,
I exploit the unique variation in salaries introduced by Act 10 (documented above) to estimate the parameters.

49Previous studies on this topic include, among others, Dolton and Van der Klaauw (1999), who affirm the im-
portance of salaries and opportunity wages in teachers’ turnover decisions and illustrate the insight gained from
differentiating between multiple destinations or exit types; Boyd et al. (2005); and Goldhaber et al. (2011), who find
heterogeneity in mobility behavior across the performance distribution and evidence that teacher mobility is affected
by student demographics and achievement.
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sorting patterns observed in the data and can be used to study the effects of counterfactual pay

schemes on the composition of the teaching workforce.

7.1 Model Setup

The framework is a two-sided static choice model in which job vacancies and salaries are

exogenously determined. Matching between teachers and districts happens in two steps. First,

each district decides whether to make an offer to each teacher. Each teacher then reviews her

offers and chooses the one that maximizes her utility, or leaves the market. Job matches are

realized as a result.

Districts’ Problem. District j’s payoff from hiring teacher i, uij , is a function of teacher i’s

characteristics such as experience, education, and VA.50 The total district payoff is the sum of

teacher-specific payoffs across all hired teachers. Each district decides which teachers to extend

job offers to. This choice is summarized by the vector oj = [o1j , o2j , ..., oNj ], where oij = 1 if

district j extends a job offer to teacher i, and N is the number of teachers. Lastly, district j can

spend up to Bj in salaries, and can hire up to Hj teachers. District j’s problem is as follows (I

omit the subscript j for ease of notation):

max
o

N∑
i=1

hioiui (15)

s.t.
N∑
i=1

hioiwi ≤ B,
N∑
i=1

hioi ≤ H, oi ∈ {0, 1} ∀i = 1, .., N (16)

where wi is the salary paid to teacher i, and hi is the probability that teacher i accepts the dis-

trict’s offer, if one is made. In other words, each district maximizes the expected payoff from

making a set o of offers, with respect to the probability of acceptance. Constraints in (16) are

“soft”, i.e. they must only hold in expectation. Intuitively, districts incorporate the fact that an

offer made to a teacher i is only accepted with probability hi. Since offers are made simulta-

neously, districts choose the offer set that maximizes their expected payoff and, in expectation,

allows them to spend at most B and hire at most H teachers.

Salaries. In keeping with the reduced-form analysis I assume that salaries are not competitive,

i.e. they do not adjust to equate demand and supply in equilibrium; they are instead exoge-

nously determined and district-specific. The advantage of this assumption is that it makes the

50This framework can be reconciled with one in which districts maximize a function of student achievement, which
is in turn an additive function of teacher characteristics.
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model more tractable and realistic. If salaries were competitive, in practice all districts should

have switched to flexible pay after Act 10, yet this did not happen.51 The drawback of this as-

sumption is that it rules out the possibility that each district’s salary structure is dependent on

other endogenous variables of the model, for example the pre-Act 10 composition of the teach-

ing workforce.

Teacher’s Problem. Teachers have preferences over job characteristics. In each period they re-

ceive a set of offers Oi from school districts, and choose the one that maximizes their utility. I

define the utility of teacher i from working in district j as vij . Each teacher faces an outside

option, with an associated utility vi0 = v0. The teacher’s problem can be expressed as follows:

max
k∈Oi∪{0}

vik (17)

7.1.1 Equilibrium

The equilibrium of the model can be defined as a set of offers o∗ = [o∗1,o
∗
2, ...,o

∗
J ], where

J is the number of districts, such that all agents in the market make the choice that is optimal

for them given all other agents’ optimal choices. The equilibrium can be formally defined as

follows:

∀j,o∗j ∈ arg max
pj

N∑
i=1

hijpijuij s.t. constraints

hij =


P (vij ≥ maxk∈Oi∪{0}{{vik}k 6=j , vi0}) if j ∈ Oi

0 otherwise.

7.2 Estimation

To estimate the parameters of teachers’ utility and districts’ payoffs I make the following

assumptions.

Districts. They have identical and linear payoffs from hiring teacher i: uij = βxi + εij , where

β is a vector of parameters, and the vector xi includes teacher VA, years of experience, and an

indicator for having a master’s degree. The variable εij is an idiosyncratic component, inde-

pendent across teachers and districts and identically and normally distributed with mean 0 and

51If salaries were competitive, one could simply use the hedonic approach of Antos and Rosen (1975) to estimate
teachers’ preferences.
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variance σ2. This formulation implicitly assumes that each district is able to perfectly observe

all teachers’ attributes, including VA.

Each district’s problem can be solved using linear programming techniques. The problem

is analogous to a two-constraint version of the 0-1 knapsack problem (Dantzig, 1957). I solve it

using the algorithm of Martello and Toth (2003), based on the “continuization” of the discrete

problem. The algorithm is detailed in Appendix D.

Teachers. They have identical and linear preferences from a job in j: vij = αzij +ξij , where α is a

vector of utility parameters. The vector zij includes salary (in $1,000), distance from the district

where teacher i is an incumbent (in miles), an indicator for teacher i being an incumbent in

district j (which captures the cost of moving across districts, assumed constant across teachers

and districts), the share of disadvantaged students, and an indicator for urban districts. The

variable ξij is an idiosyncratic utility component, independent across districts and identically

distributed with an Extreme Value Type 1 distribution. Teacher i’s utility from the outside option

is constant in expectation and equal to vi0 = α0 + ξi0, where ξi0 is independent across teachers,

orthogonal to ξij , and identically distributed with an Extreme Value Type 1 distribution.

Salaries. Estimating teachers’ preferences requires observing the characteristics of all the job al-

ternatives available to a teacher, including salaries. In the data, however, I only observe salaries

when a match is realized. To construct salary offers for unrealized matches, I back out each

district’s post-Act 10 salary structure by estimating a wage function separately for each district:

wijt = γ0j + γjf(Xit) + δjV Ait + ωijt (18)

where Xit is a full set of interactions between two-year seniority dummies and education dum-

mies, and V Ait is time-varying VA of teacher i.

Budget and Capacity Constraints. I construct each district’s budget limit by multiplying the pre-

vious year’s total salary bill by the pre-Act 10 growth rate of total salaries. Similarly, I construct

the capacity limit by multiplying the district’s enrollment in the previous year by the average,

district-specific number of teachers per student in the years until 2011.

7.2.1 Estimation Procedure

I first estimate the salary parameters γ0j , γj , and δj in equation (18) outside of the model and

separately for each district, using OLS and data on post-reform teacher-district matches. I use
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these estimates to back out salaries for each teacher in each district. I then estimate the parameter

vectors α (teachers’ utility), α0 (teachers’ outside option), β (districts’ payoff), and σ2 (variance of

the district’s shock) using maximum likelihood. I divide Wisconsin into 12 separate geographic

labor markets, corresponding to the 12 Cooperative Educational Service Agencies (CESAs), and

I exclude the CESAs of Milwaukee and Madison. I assume that teachers can only move within

CESAs, and districts can only make offers to teachers already working in their CESA.52 I estimate

the parameters using data from 2014. The final sample contains 12,573 tenured teachers working

in 410 districts.53 Table A16 shows summary statistics of the estimation sample. The estimation

procedure is outlined in more detail in Appendix D.

7.3 Identification

The model allows for a transparent identification of the parameters of teachers’ utility. Iden-

tification relies on cross-district heterogeneity in district characteristics (such as location and

student composition), and on the variation in salaries introduced by Act 10. Movements of

teachers across districts and exits help identify the utility parameters α and α0.54

Identification of the parameters of districts’ payoff function is more subtle. The parameters

β and σ are identified out of cross-district variation in optimal offer strategies. While I assume

that districts have identical preferences, their optimal strategies might differ due to differences

in their budget and capacity constraints. These differences, in turn, arise from the attrition of

different types of teachers over time. To see this, consider the following example. Suppose that

districts A and B are identical in terms of student and teacher composition, size, salary structure,

and ex-ante budget. At a certain point in time they both lose one teacher and thus have one

vacancy to fill. If district A’s exiting teacher has 30 years of experience (and was therefore being

paid a high salary) but district B’s teacher only has 1 (and was being paid a lower salary), then

district A has more money “freed up” (and therefore a larger budget) than district B. To the

extent that the characteristics of leavers are random (which the reduced-form results show to

be true before Act 10), the hiring choices of district A, compared with B, reveal how teacher

52In 2014, about 60 percent of movements of teachers happened within a CESA.
53In order to fully capture movements, I exclude teachers whose previous district is missing in 2014.
54For example, suppose teacher x is an incumbent in district A where she earns a wage wA. She receives an offer

from district B, located 5 miles from A and offering a wage wB , with wB > wA, and an offer from district C, located 7
miles from A and offering a wagewC , withwC > wB . The choice of teacher x identifies the parameters her utility. For
example, if she chooses C, this implies that the desire for higher salaries offsets the drawback of a longer commute,
and translates into a higher utility parameter on salaries and a lower parameter on distance. Similarly, teachers’ exit
will identify the value of the outside option.
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attributes are valued and identify β and σ.55

7.4 Parameter Estimates and Elasticities

Table 8 shows estimates and standard errors of the model’s parameters. Teachers receive

positive utility from salary and negative utility from distance. A positive and significant esti-

mate for the incumbent dummy indicates that fixed moving costs are important. Lastly, teachers

prefer suburban and rural districts to urban ones (Table 8, column 1).

Table 8: Model Parameters

Teacher District
parameter interpretation estimate elasticity parameter interpretation estimate

(1) (2) (3)
α salary ($1,000) 0.0037 0.2117 β VA 0.8291

(0.20e-07) (0.25e-06)
distance -0.6521 -0.1202 seniority 0.1099

(0.01e-07) (0.16e-07)
incumbent 5.4838 0.9660 Master 0.9052

(0.01e-06) (0.7e-08)
% disadvantaged -0.0659 -2.4291 σ s.d. shock 0.1111

(0.22e-07) (0.29e-07)
urban -0.0630 -0.0631

(0.10e-07)
α0 outside option 0.0003

(0.13e-06)

Notes: Estimates of the parameters of the structural model. Parameters are estimated by maximum like-
lihood. Defining pij as the probability that teacher i moves to district j, the elasticity of pij to a con-
tinuous job characteristic zij (implied by the logit assumption on the error term of teachers’ utility) is
αz(1−pij)zij , where αz is the parameter estimate on zij . The elasticity of urban and incumbent is defined as
(1− pij)(1− exp(−αz)). Elasticities are evaluated at the median of each variable, equal to $59,000 for salary,
0.19 miles for distance, and 38 percent for the share of disadvantaged students. Standard errors in parenthe-
ses are calculated as the square root of the inverse of the information matrix using numerical derivatives.

To interpret the magnitudes of these coefficients I compare the elasticities between the proba-

bility of matching with a district and various district characteristics, shown in column 2 of Table

8.56 A 1-percent higher salary (equivalent to $590 at the mean) is associated with a 0.21 percent

increase in the match probability (Table 8, columns 1-2). A 10-percent increase in distance is

55Another useful example is the following. Suppose that, given teachers’ preferences and districts’ budgets, for
given values of β and σ districts’ optimal strategies are such that one district ends up hiring too many teachers
and the other ends up hiring too few with respect to their capacity. To bring the market into equilibrium, β and σ
need to adjust in order for each district to maximize its payoff and satisfy both constraints. In a specular way, if the
optimal strategies given teachers’ preferences, districts’ capacity, and given parameter values are such that one or
both districts violate the budget constraint, β and σ need to adjust to bring the market back into equilibrium.

56Defining pij as the probability that teacher i matches with district j, the elasticity of pij to a job characteristic zij
implied by the logit assumption on the error term of teachers’ utility is βz(1 − pij)zij . The elasticities shown in the
table are calculated at the mean of pij and zij .
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associated with a 1.2 percent lower probability.57 Moving costs (which correspond to the oppo-

site of the estimate of the incumbent dummy) are equal to approximately 4.56 percent of salary

(0.9660/0.2117), or $2,690.

These elasticities allow me to assess the importance of job characteristics for teachers’ labor

supply and to calculate compensating differentials, i.e. the required salary increases to attract

and retain teachers to districts with certain characteristics. For example, consider two identical

districts that want to hire a teacher employed in another district, one of which is 10 miles farther

from where the teacher is currently working. The estimated elasticities imply that the farther-

away district must offer a large 28 percent larger salary to attract the teacher (since a 2-miles

longer distance requires a 5.68 percent higher salary, or 10*0.1202/0.2116).

Estimates of the parameters of districts’ payoffs imply that districts prefer higher VA teach-

ers, as well as those with more experience. Districts are indifferent between a teacher who has

one extra year of seniority or 0.13 standard deviations higher VA (0.1099/0.8291, Table 8, column

3).

8 Alternative Pay Schemes and Workforce Composition

The structure of the model and the parameter estimates can be used to simulate the effects of

alternative salary schemes on the composition of the teaching workforce. I focus on two types of

counterfactuals. The first is a change in the salary component associated with VA (captured by

the coefficient δ in Equation (18) only in one district, with salaries unchanged in all other districts.

The second is a change in δ in all districts at the same time. In both cases I assume that the change

is budget neutral, by letting base salaries adjust to the change in δ.58

8.1 Increase in Quality Pay in One District

I start by simulating the effect of a change in δ only in one district. This change affects

both teachers’ labor supply and demand. First, it affects the budget and the salaries paid by

the district. Second, it affects the preference ordering of all teachers, including those employed

in other districts. This will, in turn, influence the probability that a teacher matches with any

district, not only with the one affected by the policy.

57As a comparison, Levy and Wadycki (1974) analyze the migration patterns of a sample of Venezuelan workers
and estimate a distance elasticity of -0.43 and an income elasticity of 1.9.

58To keep the budget neutral, I assume that base salaries, captured by γ0j in equation (18), adjust immediately
depending on the new value of δ and the current composition of the district’s teaching workforce.
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I first solve the model for values of δ ranging from 0 to one standard deviation of δ. I then

plot the change in the probability that teachers in different quartiles of the distribution of VA

move to, move out of, or exit from the district, as well as the change in the composition of the

district’s teaching workforce. For exposition, I perform the analysis on the school district of

Ashland, an urban SP district.59

Figure 11 illustrates the changes in the simulated probability of moving to, moving out of,

or exiting the district as δ increases from 0 to 1.5 standard deviations, by quartile of the VA

distribution. Teachers in the bottom quartile are 5 percent less likely to move to Ashland when

δ increases by one standard deviation (compared to when it is equal to zero); teachers in the top

quartile are instead 25 percent more likely (Figure 11, panel A). Teachers with VA in the bottom

quartile are also 10 percent more likely to move out, whereas those with VA in the top quartile

are 6 percent less likely (Figure 11, panel B). Lastly, teachers with VA in the bottom quartile are

10 percent more likely to exit and teachers in the top quartile are 6 percent less likely (Figure 11,

panel C).

Figure 12 shows the change in the average VA of teachers moving in, moving out, and exiting

the school district for different values of δ (panel A), and the overall composition of the district’s

teaching workforce (panel B). The figure shows that the average VA of movers in and out out

of the district changes only slightly as δ grows, whereas VA of exiters from the district declines

59The school district of Ashland is located in the north-west part of the state. This urban district runs five schools,
including four elementary and middle schools; it enrolled 2,101 students in 2014 year, 61 percent of whom are eco-
nomically disadvantaged, and employs 35 teachers in my sample in 2014.

Figure 11: Counterfactual 1 - Teacher Responses to an Increase in δ in One District

Panel A: Movements to the
district

Panel B: Movements out of
the district

Panel C: Exits from the district

Notes: Percentage change in the probability that a teacher moves to the Ashland school district (panel A),
out of the district (panel B), or exits from the district (panel C), by quartile of VA, and for different values
of δ (as defined in Equation (18)), relative to δ = 0, under the first counterfactual.
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dramatically. As a result, the overall composition of the district’s workforce improves by 0.5

percent of a standard deviation of VA when δ increases by one standard deviation (Figure 12).

The results from this simulation exercise are in line with the reduced-form results: An in-

crease in the share of salaries related to teacher quality is associated with a small improvement

in the composition of the district’s teaching workforce. This improvement is driven by higher

VA teachers moving to the district from neighboring districts, attracted by higher salaries, and

by lower VA teachers moving out to other districts or leaving teaching altogether.

8.2 Introduction of Quality Pay in All Districts

I now simulate the compositional effect of a change in δ in all districts. The results from

this second counterfactual exercise do not trivially follow from the first. To see this, consider

the decision of a teacher working in Ashland. She must decide whether to stay where she is,

move to another district, or exit teaching. The first counterfactual directly affects the first option

(staying). The second counterfactual directly affects two out of three options (because it affects

salaries in all districts); it therefore also changes the value of leaving relative to remaining in

public schools. As a result, the effect of a change in salaries in all districts on the exit behavior of

teachers could in principle be very different from the one outlined in the previous subsection.

Results from this simulation indicate that teachers with VA in the three bottom quartiles are

less likely to move to Ashland when δ increases by one standard deviation in all districts (for

example, teachers in the second quartile are 2 percent less likely), whereas teachers with VA in

Figure 12: Counterfactual 1 - Compositional Changes

Panel A: VA of movers in, movers out, and
exiters from the districts

Panel B: VA of all teachers in the districts

Notes: Percentage change in average VA of teachers moving to the Ashland school district, out of the
district, and exiting public schools from the district (panel A), and average VA of teachers working in the
district (panel B), for different values of δ (as defined in Equation (18)), relative to δ = 0, under the first
counterfactual.
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the top quartile are 2 percent more likely (Figure 13, Panel A). Teachers with VA in the top and

bottom quartile, however, are also equally less likely to move out of Ashland. Lastly, teachers

with VA in the bottom quartile are 11 percent more likely to exit, and teachers with VA in the

top quartile are 7 percent less likely (Figure 13, panel C).

Figure 14 shows the average VA of teachers moving in, out, and exiting the school district

for different values of δ, and the overall composition of the district’s teaching workforce. The

figure shows that the composition of the teaching workforce declines by 7 percent of a standard

deviation when δ increases by one standard deviation (Figure 14, panel B).

Figure 13: Counterfactual 2 - Teacher Responses to an Increase in δ in All Districts

Panel A: Movements to the
district

Panel B: Movements out of
the district

Panel C: Exits from the district

Notes: Percentage change in the probability that a teacher moves to the Ashland school district (panel A),
out of the district (panel B), or exits from the district (panel C), by quartile of VA, and for different values
of δ (as defined in Equation (18)), under the second counterfactual.

Figure 14: Counterfactual 2 - Compositional Changes

Panel A: VA of movers in, movers out, and
exiters from the districts

Panel B: VA of all teachers in the districts

Notes: Percentage change in average VA of teachers moving to the Ashland school district, out of the
district, and exiting public schools from the district (panel A), and average VA of teachers working in the
district (panel B), for different values of δ (as defined in Equation (18)), relative to δ = 0, under the second
counterfactual.
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The results from these simulations show that an increase in the quality component of salaries

in all districts could lead to a much different change in the composition of a district’s workforce

compared with the case in which δ only increases only in one district. The reason is that, when

quality pay increases only in one district, part of the resulting compositional improvement is

driven by better teachers moving in and worse teachers moving out. When δ increases in all

districts, this net inflow of high-quality teachers might be absent because quality is rewarded at

the same rate everywhere.

The results from the two counterfactuals suggest that the observed improvement in the com-

position of the teaching workforce in FP districts might be limited to the short run. If all districts

eventually introduce merit pay in order to compete for the best teachers, the longer-term effects

of Act 10 in each district, and in the whole state, might be more limited in size.

When interpreting the results of these simulations, a few important caveats apply. First, due

to the impossibility of accurately measuring the quality of new teachers, the model does not

incorporate entry and implicitly assumes that the quality of entrants is constant and equal to

the quality of incumbents. The new pay scheme, however, could change workers’ incentives

to enter public school teaching, either by attracting more talented workers or by discouraging

risk-averse workers. Second, the model does not capture the effects of a flexible pay scheme on

teachers’ effort. Even if the compositional changes become smaller as more districts switch to

FP, overall teacher productivity could rise in response to this change in pay.

9 Conclusion

The role of teachers’ unions and the powers enjoyed by these associations have come under

scrutiny in recent times, culminating with the Supreme Court decision on Janus v. AFSCME.

Given the importance of individual teachers in shaping children’s educational opportunities

(Rockoff, 2004), policies affecting teachers’ labor markets can have very large effects on students.

This paper provides an initial assessment of these effects, by exploiting a recent change in the

scope of CB for teachers’ unions that has only affected one US state so far, but that could be

replicated in other states in the near future.

I exploit this policy change to assess its effects on the composition of the teaching workforce

and to study teachers’ labor supply and demand. A switch away from seniority pay towards

flexible pay in a subset of Wisconsin districts, following the interruption of CB on teachers’

salary schedules mandated by Act 10 of 2011, resulted in higher-quality teachers moving to FP
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districts and lower-quality teachers either moving to SP districts or leaving the public school

system altogether. As a result, the composition of the teaching workforce improved in FP dis-

tricts compared with SP districts. Effort exerted by all teachers also increased.

As cross-district movements and exits are rare events, the magnitudes of these compositional

changes (and the associated increase in student test scores) are limited in size in the short run,

but they could become larger over time as more teachers move and exit each year. If, however,

SP districts also switch to a FP scheme over time, the long-run effects of a policy change such

as Act 10 could be very different. To understand what would happen under this scenario, I

estimate teachers’ labor demand and supply using a structural model of this labor market and I

use the variation in post-Act 10 salary schemes across districts, as well as teachers’ movements

and exits, to identify the model’s parameters. Simulations of this model on alternative pay

schemes show that the introduction of flexible pay in all districts would lead to a much smaller

(and possibly negative) compositional improvement than the one experienced by FP districts so

far. This suggests that the observed gains in teacher composition and achievement in FP districts

might be short-lived and that the longer-term effects on each district (and on the whole state)

might be more contained.

While this paper has focused on movements of teachers across districts and exit from the

profession, the effects of a policy such as Act 10 on the supply of new teachers could also be

important, and represent an interesting and important avenue for future research.
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Appendix A Additional Tables and Figures

Figure A1: Salary Schedule - Racine School District, 2016

Notes: Subsection of the salary schedule Used by the school district of Racine in 2011. Source:
http://www.rusd.org.
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Figure A2: Trends in Observable Characteristics of School Districts, 2006–2014

Notes: Trends in average characteristics of school districts over time, separately for FP, SP, and matched
SP districts. From top left to bottom right: enrollment, share of economically disadvantaged students,
Math test scores, salary for teachers with less than 5 years of experience, share of teachers with a Master
degree, teacher experience. Standard errors in parentheses are clustered at the district level. The matched
sample is obtained using nearest-neighbor matching on observable characteristics of the school districts.
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Figure A3: Components of Districts’ Budgets, 2008–2014

Notes: Means and 90% confidence intervals of different types of district expenditures and revenues, over
time and by type of district. From top-left to bottom-right: expenditure on salaries (per teacher), em-
ployee and employer contributions to the pension fund (per teacher), expenditure on health care plans
(per teacher), expenditure on other type of insurance (per teacher), total expenditure (per student), and
state aid (per student).
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Figure A4: Districts with Union Recertification Elections, by Year and Type of District: Overall
Share and Share Recertified, 2012–2016

Notes: Share of districts which had a union recertification election in each year, and share of districts
where the election was successful and the union re-certified, separately for FP and SP districts. In 2013
no elections were held due to ongoing litigation over the recertification requirements of Act 10.

Figure A5: Salaries of District Superintendents, 2012–2016

Notes: Means and 90% confidence intervals of salaries of district superintendents and school principals,
by type of district (FP vs. SP) and over time.
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Figure A6: Salary Distribution in FP and SP districts

Panel A: Raw salaries

Panel B: Conditional salaries

Notes: Box plots of salaries (Panel A) and conditional salaries (Panel B) in FP and SP districts for the years
2007–2015. Conditional salaries are the residuals of a regression of salaries on a non-parametric function
of years of experience, interacted with indicators for the highest education degree and with a dummy for
years after 2011; district fixed effects interacted with a dummy for years after 2011; and year fixed effects.
The sample is restricted to tenured teachers (with more than 3 years of experience) working in FP and SP
districts.
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Figure A7: Quartile Coefficient of Dispersion in Salaries, 2008–2015

Notes: Trends in the median district-level quartile coefficient of dispersion in salaries. Quartile coeffi-
cients of dispersion are calculated as the ratio between the difference and the sum of the 75th and 25th
percentiles of salaries, computed separately for each group of teachers with the same experience (in 2-
years bins) and highest education degree in each district. The sample is restricted to tenured teachers
(with more than 3 years of experience) working in FP, SP, and matched SP districts. The matched sam-
ple of SP districts is obtained via nearest-neighbor matching on observable characteristics of the school
districts.

Figure A8: Correlation, Salaries and VA: All Wisconsin districts, 2008–2015

Notes: OLS estimates and 90% confidence intervals of the coefficients δs in the regression log(wijt) =∑2015
s=2008 δsτs ∗ V Ait + βXw

it + θj + τt + εijt. The variable log(wijt) is the natural logarithm of salary
for teacher i working in district j in year t. The variable V Ait is teacher VA. The vector Xw

it includes
a non-parametric function of years of experience, interacted with indicators for the highest education
degree and with a dummy for years after 2011. The vector θj contains district fixed effects, and the vector
τt contains year fixed effects. The coefficients δs are estimated separately for FP and SP districts. VA is
calculated as the average of a time-varying measure over the years 2007–2011 and 2012–2015. The sample
is restricted to tenured teachers (with more than 3 years of experience) working in all Wisconsin districts.
Standard errors are clustered at the district level.
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Figure A9: Salaries, by Decile of VA

Notes: OLS estimates and 90% confidence intervals of the coefficients δs in the regression log(wijt) =∑10
s=1 δ

0
s1(D(V Ait) = s) +

∑10
s=1 δs1(D(V Ait) = s) ∗ 1(t > 2011) + βXw

it + θj + τt + εijt. The variable
log(wijt) is the natural logarithm of salary for teacher i working in district j in year t. The variable
V Ait is teacher VA. The function D(V Ait) denotes the decile in the distribution of value added, and
1(.) is an indicator function. The vector Xw

it includes a non-parametric function of years of experience,
interacted with indicators for the highest education degree and with a dummy for years after 2011. The
vector θj contains district fixed effects, and the vector τt contains year fixed effects. The coefficients δs are
estimated separately for FP and SP districts. VA is calculated as the average of a time-varying measure
over the years 2007–2011 and 2012–2015. The sample is restricted to tenured teachers (with more than 3
years of experience) working in FP and SP districts. Standard errors are clustered at the district level.

Figure A10: Correlation, Salaries and VA: by Experience

Notes: OLS estimates and 90% confidence intervals of the coefficients δs in the regression log(wijt) =∑6
s=1 δ

0
s1(expit = s)qit +

∑6
s=1 δs1(expit = s)V Ait1(t > 2011) + τt + βXw

it + εijt. The variable log(wijt)
is the natural logarithm of salary for teacher i working in district j in year t. The variable V Ait is teacher
VA, the variable expit is a categorical function of years of experience, where the categories are ≤ 3, 4-
5,6-10,11-15, 16-20, and >20 and 1(.) is an indicator function. The vector Xw

it includes a non-parametric
function of years of experience, interacted with indicators for the highest education degree and with a
dummy for years after 2011. The vector θj contains district fixed effects, and the vector τt contains year
fixed effects. The coefficients δs are estimated separately for FP and SP districts. VA is calculated as the
average of a time-varying measure over the years 2007–2011 and 2012–2015. The sample is restricted to
tenured teachers (with more than 3 years of experience) working in FP and SP districts. Standard errors
are clustered at the district level.
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Figure A11: Changes in the Composition of the Teaching Workforce: Ex Ante VA, FP vs. SP,
2008–2015

Notes: Average ex ante VA of teachers working in FP, SP, and matched SP districts between 2008 and 2015.
Ex ante VA is calculated as the average of a time-varying measure over the years 2007–2011. The sample
is restricted to tenured teachers (with more than 3 years of experience). The matched sample is obtained
using nearest-neighbor matching on observable characteristics of the school districts.

Figure A12: Student Movements Across Districts

Notes: Share of students in grades 4-8 who change district, by type of district of destination. Each share is
defined over the total number of students in each year and type of district, enrolled in FP and SP districts.
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Figure A13: Distribution of Average District-Level Characteristics - Full sample

Notes: Distribution of district-level characteristics of FP and SP districts in the period 2007–2011. P-
values of a Kolmogorov-Smirnov test of equality in distributions are reported below each graph. The FP
subsample includes 102 districts. The SP subsample includes 122 districts.

10



Figure A14: Distribution of Average District-Level Characteristics - Matched sample

Notes: Distribution of district-level characteristics of FP and matched SP districts in the period 2007–2011.
P-values of a Kolmogorov-Smirnov test of equality in distributions are reported below each graph. The
FP subsample includes 102 districts. The matched sample is obtained using nearest-neighbor matching
on observable characteristics of the school districts, and includes 56 districts.
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Figure A15: Salaries of Movers Before and After A Move - Matched Sample

Panel A: Flexible pay

Panel B: Seniority pay

Notes: OLS estimates and 90% confidence intervals of the coefficients βs in the regression log(wijt) =∑3
k=−3 β

0
k1(t− Y mi = k) +

∑3
k=−3 βk1(t− Y mi = k) ∗ 1(Y mi > 2011) + γXw

it + θj + τt + εijt. The variable
log(wijt) is the natural logarithm of salaries for teacher i working in district j in year t. The variable
Y mi denotes the year in which teacher i moves to district j,1(.) is an indicator function, and the vector
Xw
it includes a non-parametric function of years of experience, interacted with indicators for the highest

education degree and with a dummy for years after 2011. θj are district fixed effects and τt are year fixed
effects. The coefficient β−1 is normalized to 0. The parameters are estimated separately for teachers in
FP and in matched SP districts, with ex ante VA above and below the median. The sample is restricted
to tenured teachers (with more than 3 years of experience) working in FP and matched SP districts. The
matched sample of SP districts is obtained via nearest-neighbor matching on observable characteristics
of the school districts. Standard errors are clustered at the district level.
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Figure A16: New Teachers: Share (top panel) and Selectivity of College Institution (bottom
panel)

Notes: Top panel: Share of new teachers, by type of district. Each share is defined over the total number of
Wisconsin teachers in each year and type of district. Bottom panel: 25-percentile English ACT score of the
institution where a teacher obtained her latest degree. Institutions only reporting SAT scores are assigned
the corresponding ACT score based on the score distribution. The sample is restricted to teachers with
college degrees from institutions requiring ACT or SAT scores.
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Table A1: Difference-In-Difference, Characteristics of Wisconsin School Districts:Fp vs. SP, 2008–
2015

Students Superintendents

Nr Black low SES Math score Salary Experience
FP -188.436 -0.003 -0.041∗∗ 0.114 2208.871 -1.079

(718.895) (0.008) (0.018) (0.078) (2933.341) (1.182)

FP * post 32.450 0.001 0.001 0.035 1892.462 -0.543
(52.769) (0.001) (0.004) (0.027) (1469.699) (1.127)

Principals Teachers

Salary Experience Salary Experience Masters Value-added
FP 2460.725∗∗ 0.318 2107.311∗ ∗ ∗ -0.627∗∗ 0.025 0.047

(1107.724) (0.688) (696.609) (0.263) (0.019) (0.063)

FP * post 829.237 -0.592 23.405 0.070 0.009 0.007
(628.673) (0.633) (285.354) (0.200) (0.009) (0.019)

Districts

Urban Suburban Expend. pp Aid pp ln(property) N Admins/T
FP -0.005 0.097∗ -180.527 -312.253 0.157∗∗ -0.003

(0.035) (0.058) (338.640) (252.811) (0.072) (0.009)

FP * post -193.691 13.392 0.004 -0.004
(323.156) (69.418) (0.009) (0.005)

Budget (Expenditure per Pupil) Unions

Salaries Retirement Health ins. Other ins. Held election Recertified
FP -12.652 1.870 -36.442 4.000 -0.000 -0.000

(94.860) (5.943) (46.783) (4.085) (0.000) (0.000)

FP * post 16.071 2.862 -10.077 3.647 0.047 0.004
(59.233) (6.221) (34.926) (3.184) (0.034) (0.018)

Notes: The table shows estimates of α and β in Xdt = αFPd + βFP d ∗ postt + γpostt + εdt, where Xdt in-
cludes a range of district attributes, including (in order from top-left to bottom-right): the number of stu-
dents, the share of students who are Black and low-SES, Math test scores; district superintendents’ salary
and years of experience; principals’ salary and years of experience; teachers’ salary, years of experience,
share with a Master’s, and VA; indicators for whether the district is located in an urban or suburban area;
expenditure, state aid, and the logarithm of property values per pupil; the total number of administrative
staff per teacher; per pupil expenditure on salaries, retirement, health insurance, and other insurance;
and indicators for whether a district held a union recertification election and for whether the election was
won. The variable FP d equals 1 for FP districts, and postt equals 1 for years after Act 10. Each obser-
vation corresponds to a school district in a given year. The FP subsample includes 102 districts, the SP
subsample includes 122 districts. The subsample covers 83 percent of the total student population.
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Table A2: Summary Statistics, District Management, 2009–2011

(1) (2)
Full sample Matched sample

FP SP Difference FP SP Difference

admin/staff per teacher 0.24 0.24 -0.0016 0.24 0.23 0.0085
(0.0090) (0.010)

female superintendent 0.21 0.13 0.077∗ 0.21 0.12 0.088
(0.045) (0.058)

superintendent age 54.6 54.1 0.50 54.6 53.3 1.28
(0.86) (1.09)

superintendent experience 25.3 26.4 -1.12 25.3 25.8 -0.51
(1.25) (1.60)

superintendent holds BA 0.0033 0 0.0033 0.0033 0 0.0033
(0.0030) (0.0044)

superintendent holds Master/PhD 0.80 0.80 0.0034 0.80 0.76 0.041
(0.050) (0.062)

superintendent salary ($) 123037.7 121118.5 1919.2 123037.7 124798.6 -1760.8
(2985.8) (3556.4)

new superintendent 0.99 1 -0.0065 0.99 1 -0.0065
(0.0042) (0.0062)

female principal 0.40 0.36 0.039 0.40 0.37 0.037
(0.034) (0.039)

principal age 48.4 48.2 0.26 48.4 47.8 0.66
(0.62) (0.71)

principal experience 20.8 20.4 0.32 20.8 20.3 0.42
(0.71) (0.83)

principal holds BA 0.014 0.021 -0.0070 0.014 0.020 -0.0059
(0.0090) (0.0078)

principal holds Master/PhD 0.95 0.94 0.013 0.95 0.93 0.015
(0.022) (0.024)

principal salary ($) 89494.1 87169.9 2324.3∗∗ 89494.1 87934.0 1560.1
(1147.9) (1314.8)

Notes: Means and differences in means (with standard errors in parentheses) of a set of characteristics of school dis-
trict superintendents and school principals in FP and SP districts (columns 1), and in matched FP and SP districts
(columns 2), averaged over the years 2009–2011. The matched sample of SP districts is obtained via nearest-neighbor
matching on observable characteristics of the school districts, and includes 56 districts.
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Table A3: Propensity Score Matching. Probit, Dependent Variable
Equals 1 for FP districts

(1)
β / SE Marginal effects

enrollment -0.000 -0.000
(0.000)

share disadvantaged students 0.275 0.098
(0.766)

salary for teachers w/ exp < 5 (1,000 $) 0.032 0.011
(0.040)

salary (1,000 $) 0.050∗ 0.018∗

(0.029)
property value per-pupil (1,000 $) 0.000 0.000

(0.000)
urban district 0.054 0.019

(0.467)
suburban district -0.044 -0.016

(0.254)
expenditure per-pupil (1,000 $) -0.080∗∗ -0.029∗∗

(0.039)
state aid per-pupil (1,000 $) -0.001 -0.000

(0.072)
share of teachers w/ Master degree -0.364 -0.130

(0.730)
share teachers w/ exp ≤ 3 1.535 0.549

(2.464)
share teachers w/ exp ≥ 20 -3.278∗∗ -1.172∗∗

(1.273)
Observations 224

Notes: Estimates (column 1) and marginal effects (column 2) of the coefficients
of the probit model used to compute the propensity score to match FP dis-
tricts to SP districts. The dependent variable equals 1 for FP districts. The in-
dependent variables are averages of district-level characteristics for the years
2009–2011. *** p < .01, ** p < .05, * p < .1.
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Table A4: Summary Statistics, Wisconsin Teachers

(1) (2)
Full sample FP/SP

2007-11 2012-15 2007-11 2012-15

female 0.730 0.742 0.735 0.746
(0.444) (0.437) (0.441) (0.435)

experience (years) 14.58 13.85 14.36 13.65
(9.737) (9.197) (9.633) (9.071)

highest ed = BA 0.499 0.469 0.481 0.451
(0.500) (0.499) (0.500) (0.498)

highest ed = Master 0.494 0.524 0.510 0.541
(0.500) (0.499) (0.500) (0.498)

highest ed = PhD 0.00179 0.00197 0.00209 0.00231
(0.0423) (0.0444) (0.0456) (0.0480)

salary ($) 50249.9 53321.2 51167.4 54109.5
(11327.6) (12148.0) (11526.8) (12364.2)

mover 0.0149 0.0302 0.0138 0.0298
(0.121) (0.171) (0.117) (0.170)

value-added -0.0266 0.0327 -0.0211 0.0301
(0.968) (1.037) (0.970) (1.020)

Notes: Means and standard deviations (in parentheses) of teachers’ observ-
able characteristics for the years 2007–2011 and 2012–2015, for all Wiscon-
sin districts (columns 1) and for FP and SP districts (columns 2). The sam-
ple only includes teachers for whom VA estimates are available.
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Table A6: Summary Statistics, Districts with and without Handbook Information

without Handbook with Handbook Difference

enrollment 800.8 3027.0 -2226.2∗ ∗ ∗
(412.6)

disadvantaged students 0.36 0.30 0.057∗ ∗ ∗
(0.015)

salary for teachers w/ exp < 5 (1,000 $) 35255.5 36442.3 -1186.8∗ ∗ ∗
(382.5)

teacher salary ($) 48268.4 51493.1 -3224.6∗ ∗ ∗
(490.4)

math scores (sd) -0.039 0.12 -0.16∗ ∗ ∗
(0.055)

teacher experience (yrs) 15.8 15.3 0.54∗∗
(0.22)

teachers w/ Master 0.40 0.51 -0.11∗ ∗ ∗
(0.015)

share teachers w/ exp ≤ 3 0.12 0.11 0.0069
(0.0053)

share teachers w/ exp ≥ 20 0.32 0.29 0.027∗ ∗ ∗
(0.0095)

expenditure p.p ($) 16255.6 15346.8 908.8∗∗
(421.7)

aid p.p ($) 3634.8 4800.3 -1165.5∗
(621.4)

Notes: Means and standard deviations (in parentheses) of district-level characteristics for 102 FP and 122
SP districts with non-missing handbook information, and 203 districts with missing handbook informa-
tion, for the years 2009–2011.
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Table A7: Summary Statistics, Student Data

(1) (2)
Math Reading

standardized test score 0.00650 0.00494
(0.997) (0.998)

share w/disability 0.129 0.129
(0.335) (0.335)

share English-learner 0.0504 0.0486
(0.219) (0.215)

share free lunch 0.382 0.381
(0.486) (0.486)

female 0.489 0.489
(0.500) (0.500)

black 0.0959 0.0961
(0.294) (0.295)

Hispanic 0.0898 0.0888
(0.286) (0.284)

Asian 0.0356 0.0352
(0.185) (0.184)

# students in grade-school-year 130.0 129.8
(96.35) (96.16)

Observations 3167183 3161997

Notes: Means and standard deviations (in parentheses) of
student-level characteristics for the years 2007 to 2016, used
to compute teacher VA. The sample includes students in
grades 4-8.
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Table A8: Teacher Salaries and VA. OLS, Dependent Variable is
log(Salary)

All teachers Teachers with exp ≤10 yrs

(1) (2) (3) (4)
VA -0.0009 -0.0011 -0.0034 -0.0060∗

(0.0011) (0.0018) (0.0026) (0.0034)

VA * post 0.0012 0.0019 0.0031 0.0054
(0.0017) (0.0029) (0.0037) (0.0035)

VA * FP * post 0.0034∗ 0.0030 0.0056 0.0060
(0.0020) (0.0026) (0.0035) (0.0040)

Year FE Yes Yes Yes Yes

District FE Yes Yes Yes Yes

Edu*exp*post Yes Yes Yes Yes
N 88005 59457 28353 18326
# districts 217 152 216 152

Notes: The dependent variable is the natural logarithm of salaries. The
variable VA is teacher VA, normalized to have mean 0 and standard de-
viation 1. The variable post equals 1 for years following 2011. All the
regressions include year and district fixed effects, as well as indicators
for years of experience interacted with indicators for highest education
degree interacted with post. VA is calculated as the average of a time-
varying measure over the years 2007–2011 and 2012–2015. The sample
is restricted to tenured teachers (with more than 3 years of experience)
working in FP, SP, and matched SP districts, and covers years 2007 to
2015. In columns 3-4, the sample is further restricted to include to teach-
ers with less than 10 years of experience. The matched sample of SP dis-
tricts is obtained via nearest-neighbor matching on observable character-
istics of the school districts. Standard errors in parentheses are clustered
at the district level. *** p < .01, ** p < .05, * p < .1.
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Table A9: Salaries of Math and Science Teachers. OLS, dependent variable is log(salary)

FP SP (full)

(1) (2) (3) (4)
math 0.0070 0.0070∗∗∗

(0.0043) (0.0024)

math * post -0.0033 -0.0006
(0.0042) (0.0023)

VA -0.0008 -0.0011 -0.0011 -0.0015
(0.0021) (0.0023) (0.0011) (0.0010)

VA * post 0.0047∗ 0.0049∗∗ 0.0014 0.0020
(0.0024) (0.0024) (0.0015) (0.0014)

science 0.0101∗ 0.0053
(0.0055) (0.0053)

science * post -0.0064 -0.0077
(0.0082) (0.0073)

Year FE Yes Yes Yes Yes

District FE Yes Yes Yes Yes

Edu*exp*post Yes Yes Yes Yes
Observations 39483 42554 48555 52717
# districts 98 98 119 119

Notes: The dependent variable is the natural logarithm of salaries. The variables math and science equal
1 for Mathematics and science teachers, respectively. The variable VA is teacher VA, normalized to have
mean 0 and standard deviation equal to 1. The variable FP equals 1 for FP districts. The variable post
equals 1 for years following 2011. All the regressions include year and district fixed effects, as well as in-
dicators for years of experience interacted with indicators for highest education degree interacted with
post. VA is calculated as the average of a time-varying measure over the years 2007–2011 and 2012–2015.
The sample is restricted to tenured teachers (with more than 3 years of experience) working in FP and
SP districts, and covers years 2008 to 2015. The matched sample of SP districts is obtained via nearest-
neighbor matching on observable characteristics of the school districts. Standard errors in parentheses
are clustered at the district level. *** p < .01, ** p < .05, * p < .1.
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Table A11: Teacher Sorting. OLS, Dependent Variable Equals 1 for Teachers Moving to or Exiting From
a District - Matched Sample

Moving to FP (2008-2014) Moving to SP (2008-2014) Exiting from (2008-2012)

(1) (2) (3) (4) (5) (6)
from SP from FP from FP from SP from FP from SP (full)

high VA 0.0009 -0.0018∗ 0.0007 -0.0005 0.0033 -0.0088
(0.0027) (0.0011) (0.0008) (0.0010) (0.0048) (0.0058)

high VA * post 0.0020 0.0019 -0.0024∗ -0.0004 -0.0179∗ -0.0093
(0.0032) (0.0015) (0.0013) (0.0022) (0.0093) (0.0094)

Year FE Yes Yes Yes Yes Yes Yes

District controls Yes Yes Yes Yes Yes Yes

CB controls Yes Yes Yes Yes Yes Yes

Teacher controls Yes Yes Yes Yes Yes Yes
Observations 14531 30093 30093 14531 17881 8951
# districts 91 100 100 91 98 54
Y-mean 0.008 0.004 0.002 0.004 0.041 0.042

Notes: The dependent variable equals 1 for teachers who move to a FP district (columns 1-2), move to a matched
SP district (column 3-4), exit from a FP district (column 5), and exit from a matched SP district (column 6). In
columns 1 and 4 the sample is restricted to teachers already working in a SP district; in columns 2 and 3 it is
restricted to those already working in a FP district.The variable high VA equals one for teachers with ex ante VA
above the median. The variable post equals 1 for years after Act 10. All the regressions include year and district
fixed effects. District controls include interactions between 2009–2011 averages of district characteristics inter-
acted with year fixed effects. CB controls include an indicator for whether the district had a union recertification
election in year t and whether the election was successful. Teacher controls include indicators for the number of
years of experience and for the highest education degree. Columns 5 and 6 control non-parametrically for age.
Ex ante VA is calculated as the average of a time-varying measure over the years 2007–2011. The sample is re-
stricted to tenured teachers (with more than 3 years of experience) working in FP and matched SP districts, and
covers years 2008 to 2015 (columns 1-4) and years 2008 to 2012 (columns 5-6). The matched sample of SP dis-
tricts is obtained via nearest-neighbor matching on observable characteristics of the school districts. Standard
errors in parentheses are clustered at the district level. *** p < .01, ** p < .05, * p < .1.
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Table A12: Changes in the Composition of Movers and Exiters. OLS, Dependent Variable is Ex
Ante Teacher VA - Matched Sample

(1) (2) (3) (4)
Movers Movers Exiters Exiters

FP 0.0995 0.1058 0.0878 0.0303
(0.2097) (0.2137) (0.0918) (0.1003)

FP * post 0.2665 0.3113 -0.2831∗∗∗ -0.2555∗∗∗

(0.3149) (0.3652) (0.0895) (0.0911)

Year FE Yes Yes Yes Yes

District controls Yes Yes Yes Yes

CB controls Yes Yes Yes Yes

Teacher controls Yes Yes Yes Yes

Budget controls No Yes No Yes
Observations 486 484 1703 1406
# districts 111 109 151 146

Notes: The dependent variable is ex ante teacher VA. Columns 1-2 and 5-6 are estimated on the subsam-
ple of movers to a district; columns 3-4 are estimated on the subsample of leavers from a district (defined
as teachers who leave Wisconsin’s teaching workforce). The variable FP equals 1 for FP districts. The
variable post equals 1 for years following 2011. All the regressions include year fixed effects. District con-
trols include interactions between the 2009–2011 averages of district characteristics interacted with year
fixed effects. CB controls include an indicator for whether the district had a union recertification election
in year t and whether the election was successful. Teacher controls include indicators for the number of
years of experience and for the highest education degree. Budget controls are district-year-level controls
for the level of state aid as a share of total revenues, as well as per-teacher expenditure on salaries, re-
tirement, health, life, and other insurance, and other employee benefits. Columns 1-2 include indicators
for the type district of origin (FP or SP), interacted with FP and with post. Columns 3-4 control non-
parametrically for age. Ex ante VA is calculated as the average of a time-varying measure over the years
2007–2011. The sample is restricted to tenured teachers (with more than 3 years of experience) work-
ing in FP and matched SP districts, and covers years 2008 to 2015. The matched sample of SP districts
is obtained via nearest-neighbor matching on observable characteristics of the school districts. Standard
errors in parentheses are clustered at the district level. *** p < .01, ** p < .05, * p < .1.

25



Table A13: Changes in the Composition of the Teaching Workforce. OLS, Dependent Variable is Ex
Ante Teacher VA - Excluding Madison and Milwaukee

Full sample Matched sample

(1) (2) (3) (4) (5) (6) (7) (8)
FP -0.0325 -0.0341 -0.0278 -0.0507 -0.0526 -0.0705

(0.0856) (0.0855) (0.0825) (0.0955) (0.0951) (0.0883)

FP * post 0.0417 0.0438 0.0611∗∗ 0.0222∗ 0.0467 0.0473 0.0804∗∗ 0.0410∗∗

(0.0266) (0.0267) (0.0304) (0.0130) (0.0301) (0.0301) (0.0398) (0.0159)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

District controls Yes Yes Yes Yes Yes Yes Yes Yes

CB controls Yes Yes Yes Yes Yes Yes Yes Yes

Teacher controls No Yes Yes Yes No Yes Yes Yes

Budget controls No No Yes Yes No No Yes Yes

District FE No No No Yes No No No Yes
Observations 58600 58524 58224 58224 45901 45825 45525 45525
# districts 215 215 212 212 152 152 149 149

Notes: The dependent variable is ex ante teacher VA. The variable FP equals 1 for FP districts. The variable post
equals 1 for years following 2011. All the regressions include year fixed effects. District controls include inter-
actions between the 2009–2011 averages of district characteristics interacted with year fixed effects. CB controls
include an indicator for whether the district had a union recertification election in year t and whether the elec-
tion was successful. Teacher controls include indicators for the number of years of experience and for the highest
education degree. Budget controls are district-year-level controls for the level of state aid as a share of total rev-
enues, as well as per-teacher expenditure on salaries, retirement, health, life, and other insurance, and other em-
ployee benefits. Ex ante VA is calculated as the average of a time-varying measure over the years 2007–2011. The
sample is restricted to tenured teachers (with more than 3 years of experience) working in FP, SP, and matched
SP districts, excludes the Milwaukee School District and the Madison Metropolitan School District, and covers
years 2008 to 2015. The matched sample of SP districts is obtained via nearest-neighbor matching on observable
characteristics of the school districts. Standard errors in parentheses are clustered at the district level. *** p <
.01, ** p < .05, * p < .1.
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Table A15: Changes in Student Characteristics, Movers to FP and SP

(1) (2) (3) (4)
Share low SES share Black share Hispanic share EL status

FP * post 0.0410∗ -0.0028 0.0089 0.0018
(0.0242) (0.0053) (0.0099) (0.0053)

School FE Yes No Yes Yes

Year FE Yes Yes Yes Yes
Observations 529 529 529 529
# districts 114 114 114 114

Notes: The dependent variables are average characteristics of students of the teachers who
move to FP and SP districts. The variable FP equals 1 for 102 FP districts, the variable
post equals 1 for years after 2011. All specifications contain district and year fixed effects.
Standard errors in parentheses are clustered at the district level.
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Table A16: Sample for Model Estimation -
Summary Statistics, 2014

(1)

Teachers (N = 12573)

female 0.7920
(0.4059)

has BA 0.4106
(0.4920)

has Master 0.5843
(0.4929)

has PhD 0.0009551
(0.03089)

experience (years) 15.358
(8.8115)

value-added 0.03854
(1.0309)

salary ($) 55380.3
(11814.5)

moves district 0.01656
(0.1276)

exits 0.1172
(0.3216)

distance, movers (miles) 19.659
19.197

Districts (N = 410)

enrollment 1949.3
4178.4

share disadvantaged students 0.3829
0.1547

urban 0.03922
0.1943

suburban 0.1495
0.3570

Notes: Means and differences in means (with
standard errors in parentheses) of characteristics
of teachers and districts included in the estima-
tion of the model.
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Appendix B Estimating Teacher Value-Added With Grade-School Links

Teacher value-added is defined as the contribution of each teacher to achievement (or achievement
growth), once all other determinants of student learning have been taken into account. The starting
model is the following (Chetty et al., 2014a):

A∗kt = βXkt + νkt (19)

where νkt = µi(kt) + θc(it) + εkt

and where A∗kt a standardized measure of test scores (or test score gains) for student k in year t, and Xkt

is a vector of student observables which could affect achievement (such as demographic characteristics
and past test scores) as well as school characteristics.60 The residual νkt can be decomposed in three parts:
The error term component µi(kt) is VA of teacher i, teaching student k in year t; the component θc(kt) is
an exogenous classroom shock, and εkt is an idiosyncratic student-specific component which varies over
time. VA estimates are estimates of the teacher effect µi.

A range of techniques have been proposed to estimate µi, including fixed effects (Aaronson et al.,
2007) and two-steps procedures based on the decomposition of test score residuals (Kane and Staiger,
2008; Chetty et al., 2014a). Here, I consider the two-steps estimator of Chetty et al. (2014a), which allows
for drifts in teacher quality over time, and corrects teacher effects for noise in the estimates using a Bayes
approach. Other estimators proposed by the literature (such as Kane and Staiger, 2008) can be seen as
special cases of this method.

The estimation procedure can be summarized as follows:

1. Regress A∗kt on Xkt and estimate β via OLS;

2. Construct residuals Akt = A∗kt − β̂Xkt, where β̂ is the OLS estimate of β;

3. Estimate µ̂it as µ̂it =
∑t−1
m=t−l ψmĀim, where Āit are average test score residuals of all students

taught by teacher i in year t, l is the number of lags, and

ψ = arg min
{ψ1,...,ψt−1}

∑
i

(
Āit −

t−1∑
s=1

ψsĀis

)2

Clearly, calculating Āit requires matching each teacher with the students she taught.61 The WDPI
started to record classroom identifiers (necessary to perform these links) only in 2017-18; data from pre-
vious years only contain identifiers for schools and grades. This means that, in a given year, a student can
be linked to all the teachers in his school and grade, but not to the specific teacher who taught him (and
conversely, a teacher can be linked to all students attending her grade in her school, but not to her own
pupils). The lack of information on classroom identifiers is common to teacher-student datasets from
several other states and/or districts (Rivkin et al., 2005, for example, face a similar issue with data from
Texas).

How to identify teacher effects in the absence of classroom links? Rivkin et al. (2005) show how, in the
presence of teacher turnover across grades or schools, one can use grade-school level residuals to obtain
a more accurate measure of teacher effects than the simple grade average. To incorporate this feature of

60Several types of achievement models have been used in the literature, including specifications with student fixed
effects and/or with the student’s prior test scores.

61Generally, elementary-school teachers (grades 1 through 5) teach all subjects in only one classroom, whereas
middle-school teachers teach one subject in multiple classrooms.
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the data, the estimator can be modified as follows:

µ̂it =

t−1∑
m=t−l

ψmĀ
g
im

where Āgit =
1

Ngst

∑
k:ge(it)=gp(kt),se(it)=sp(kt)

Akt and Akt = A∗kt − β̂Xkt

where ge(it) (se(it)) is the grade (school) where teacher i teaches in year t, and gp(kt) (sp(kt)) is the grade
(school) attended by student k in year t. The quantity Agit represents the average test score residuals for
students in grade g, school s, and year t.

The intuition behind the identification of teacher effects follows Rivkin et al. (2005). In the absence
of teacher turnover, teachers in grade g and school s would have the same Āgit for every t, and would
be assigned the same estimate (equal to the average of their true effects). With data on test scores for
multiple years and in the presence of turnover, teachers switches across schools or within schools and
grades allow to isolate the effect of the individual teacher through the comparison of test score residuals
before and after her arrival in a given grade and school. Importantly, teacher turnover allows a more
precise identification of the effects not only of the teacher who switches school or grade, but also of the
teachers teaching in her same grade and school at any point in time.

Under the assumptions that µit and εit follow stationary processes (i.e. E(µit|t) = E(εit|t) = 0,
Cov(µit, µit+s|t) = σµs, and Cov(εit, εit+s|t) = σεs), this estimator is unbiased. Two features of this
identification strategy are worth highlighting:

1. While these estimates of teacher VA are more precise than grade-school residuals, they will still
contain more noise relative to estimates obtained with links. Even in the presence of turnover,
teachers always teaching the same grade-school would have the same Āgit for every t, and hence
the same estimate.

2. The aggregation of teacher effects at the grade level overcomes a problematic form of selection,
which occurs within schools and grades and across classrooms when some parents manage to have
their children assigned to specific teachers. The (forced) use of grade-school estimates circumvents
this form of selection, and is in practice equivalent to an instrumental variable estimator based on
grade rather than classroom assignment (Rivkin et al., 2005).

Appendix B.1 Identification of Teacher Value-Added With Turnover

To understand the identification argument, consider a simple example of 3 teachers (A,B,C) ob-
served in 3 periods (t = 1, 2, 3) and in 2 possible grades (g = 4, 5). The teaching assignments are as
follows.

period grade
1 A,B C
2 B,C A
3 A,C B

The objective is to calculate VA of the three teachers in period 3. I define Akt as the average test score
residual for students of teacher k in period t, and Āgt the average test score residuals of students in grade
g in period t. Following Chetty et al. (2014a) I can write the VA estimate for each teacher as follows (I
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suppress the hats on the VA estimates for ease of notation and I consider 3 lags):

µA3 =

[
A2
A1 AA1AA2

AA1AA2 A2
A2

]−1 [
AA1AA3

AA2AA3

]
(20)

µB3 =

[
A2
B1 AB1AB2

AB1AB2 A2
B2

]−1 [
AB1AB3

AB2AB3

]
(21)

µC3 =

[
A2
C1 AC1AC2

AC1AC2 A2
C2

]−1 [
AC1AC3

AC2AC3

]
(22)

Assuming a constant number of students in each classroom, one can write:

Ā4
1 =

1

2
(AA1 +AB1) (23)

Ā5
1 = AC2 (24)

Ā4
2 =

1

2
(AB2 +AC2) (25)

Ā5
2 = AA2 (26)

Ā4
3 =

1

2
(AA3 +AC3) (27)

Ā5
3 = AB3 (28)

My VA estimator implies:

µA3 =

[
(Ā4

1)2 Ā4
1Ā

5
2

Ā4
1Ā

5
2 (Ā5

2)2

]−1 [
Ā4

1Ā
4
3

Ā5
2Ā

4
3

]
(29)

µB3 =

[
(Ā4

1)2 Ā4
1Ā

4
2

Ā4
1Ā

4
2 (Ā4

2)2

]−1 [
Ā4

1Ā
5
3

Ā4
2Ā

5
3

]
(30)

µC3 =

[
(Ā5

1)2 Ā5
1Ā

4
2

Ā5
1Ā

4
2 (Ā4

2)2

]−1 [
Ā5

1Ā
4
3

AC2Ā
4
3

]
(31)

Equations (20)-(31) represent a system of 12 equations in 12 unknowns: µA3, µB3, µB3, AA1, AA2, AA3,
AB1, AB2, AB3, AC1, AC2, AC3. In this case, VA of teachers can be perfectly identified because at least
one teacher switches grade each year.

Appendix B.2 Validation Exercise: Value-Added with Classroom Links and with
Grade-School Links in the NYC data

To validate the VA estimator with grade-school links (GS) against the standard estimator with class-
room links (CL), I use teacher and student data from the New York City Department of Education (NY-
CDOE) from the years 2006-07 to 2009-10. This dataset contains classroom, grade, and school identifiers,
which allow me to estimate both CL and GL measures. I estimate teacher VA for 15,469 teachers of Math
and English-Language-Arts (ELA) using the procedure of Chetty et al. (2014a).
Measurement Error. The main limitation of GL estimates relative to CL is measurement error. Since
students are linked to teachers at the grade-school level, VA of a teacher will also be a function of test
scores of students she never taught.

To quantify the degree of measurement error, Figure B1 shows the kernel density of the distribution
of GL (top panel) and CL (bottom panel). As expected, the distribution of GL is more concentrated
around zero compared to CL. In spite of this, GL is able to explain a significant amount of variance in test
scores. Its standard deviation (measured in test scores standard deviation units) is equal to 0.11 for Math

32



teachers; by comparison, the standard deviation of CL is equal to 0.19. Figure B2 shows the density of GL
for Wisconsin teachers. Its standard deviation is equal to 0.08 for Math teachers.

Figure B1: Empirical Distribution of VA Estimates: New York City, 2007-2010

Panel A: VA with Grade-School Links

Panel B: VA with Classroom Links

Notes: Kernel densities of the empirical distribution of VA estimates for NYC Math and ELA teachers,
for each subject. Estimates are averaged across years for each teacher. Each density is weighted by the
number of student test scores observations used to estimate each teacher’s VA, and estimated using a
bandwidth of 0.05. The figure also reports the standard deviations of these empirical distributions.

Forecast Bias of GL as a Proxy for CL. I assess whether GL is a forecast-unbiased estimate for CL. Figure
B3 shows a binned scatterplot of the two estimates in the NYC data, averaged across the four years for
each teacher. Their correlation is 0.62. The forecast bias of µ̂GLi as a proxy for µ̂CLi can be defined based
on the best linear predictor of µ̂CLi given µ̂GLi :

µ̂CLi = α+ γµ̂GLi + χi (32)

Assuming χi to be uncorrelated with µ̂GLi , the forecast bias f is zero if γ = 1: f = 1−γ. I can estimate the
slope coefficient γ estimating Equation (32) via OLS. 95% confidence intervals of γ, whose point estimate
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Figure B2: Empirical Distribution of VA Estimates: Wisconsin, 2007-2015

Notes: Kernel densities of the empirical distribution of VA estimates for Wisconsin Math and Reading
teachers, for each subject. Estimates are averaged across years for each teacher, separately for years
before and after Act 10. Each density is weighted by the number of student test scores observations
used to estimate each teacher’s VA, and estimated using a bandwidth of 0.05. The figure also reports the
standard deviations of these empirical distributions.

is equal to 0.94, include 1, which implies that the forecast bias f is indistinguishable from zero (Figure
B3).
Teacher Switches as a Quasi-Experiment. As an additional test for the unbiasedness of GL estimates I
exploit teacher switches across grades as a quasi-experiment, as done by Chetty et al. (2014a). If VA is
an unbiased measure of teacher quality, changes in average VA of teachers in a given school and grade
(driven by teacher switches) should predict changes in average student test score residuals one-by-one.
To understand the rationale behind this test suppose that, in a given school with three 4th-grade class-
rooms (and hence three 4th-grade Math teachers), one of these teachers leaves and is replaced by a teacher
with a 0.3 higher VA (measured in standard deviations of test scores). If VA is an unbiased measure of
teacher effectiveness, test scores should raise by 0.3/3 = 0.1 due to this switch (Chetty et al., 2014a).

I estimate the degree of forecast bias for the Wisconsin GL measures by estimating the following
first-differences equation:

∆Agst = a+ b∆Qgst + ∆χgst (33)

where Qgst is average VA of teachers in grade g, school s, and year t and where ∆Wgst = Wgst −Wgst−1.
The bias is then defined as λ = 1 − b. Table B3 shows estimates of b and λ, obtained using either mean
residual test scores Agst or mean actual test scores A∗gst, and controlling also for school-by-year fixed
effects (as done by Chetty et al., 2014a).62 Estimates of b are all close to 1 both over the full sample
period and in the years after Act 10. While slightly larger than Chetty et al. (2014a), who estimate it to be
between 0.003 and 0.026, estimates of b are all close to 0.05 and indistinguishable from zero, both over the
full sample period and in the years after Act 10.

62The fact that using A∗gst as a regressor instead of Agst yields similar results further confirms that selection of
students across teachers is unlikely to generate substantial bias in the estimates (Chetty et al., 2014a).
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Figure B3: Binned scatterplot: µ̂CLi and µ̂GLi

Notes: The figure shows the relationship between µ̂CLi , estimate of teacher VA obtained using the proce-
dure of Chetty et al. (2014a) and teacher-student links, and µ̂GL, its analogous obtained discarding these
links. Estimates are obtained using data from New York City students and teachers of Math and ELA, for
the years 2007-2010.

Table B1: Forecast bias in teacher VA

∆Āgst ∆Ā∗gst

(1) (2) (3) (4)
full sample post-Act 10 full sample post-Act 10

∆V Agst 0.977 1.048 1.048 1.073
(0.155) (0.223) (0.220) (0.285)

School-by-year FE Yes Yes Yes Yes
Observations 32849 14668 32849 14668
# districts 418 414 418 414
λ 0.023 -0.048 -0.048 -0.073
p-value λ=0 0.88 0.83 0.83 0.80

Notes: The dependent variable is the first difference in grade-school average test
score residuals (from a regression of test scores on student characteristics, school,
and grade fixed effects, columns 1 and 2) or in average test scores at the grade,
school, and year level (columns 3 and 4). The variable ∆V Agst is the first difference
in average teacher VA in school s and grade g. VA is calculated using data from
Wisconsin, and is averaged over the years 2007-2011 and 2012-2015. All regressions
include school-by-year fixed effects. Standard errors in parentheses are clustered at
the district level.

Non-Classical Measurement Error. A possible concern with VA-GL is non-classical measurement er-
ror, which occurs when the precision of the estimates is related to characteristics of the teachers or the
students. This issue could arise, for example, if teachers who switch across schools or grades (and, anal-
ogously, the grades and schools employing these teachers) are selected on the basis of observable and/or
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unobservable characteristics.
In Table B1 I to use the GL and CL estimates of VA from the NYC data to investigate the extent of

measurement error. Specifically, I correlate the difference between GL and CL (a proxy for measure-
ment error) with a range of student and teacher observable characteristics. These estimates reveal no
discernible relationship between the error and these characteristics, with the exception of the share of
special education students. Importantly, the measurement error does not appear to be systematically dif-
ferent between teachers who switch across grades and teachers who do not. While this evidence does not
guarantee that the error is not related to unobservables, it reassuringly shows no systematic patterns of
correlations between VA and this set of student and teacher observables.

Table B2: Correlations Between the Difference [GL-CL ] and Student and Teacher Observables

Math ELA

(1) (2)
experience 0.0001 -0.0007

(0.0005) (0.0005)

switcher 0.0007 -0.0023
(0.0046) (0.0038)

Black -0.0093 -0.0004
(0.0063) (0.0053)

Asian -0.0003 0.0160
(0.0091) (0.0102)

Hispanic -0.0003 0.0015
(0.0077) (0.0063)

% low SES students 0.0014 0.0059
(0.0155) (0.0137)

% Black students 0.0207 0.0063
(0.0147) (0.0135)

% Hispanic students 0.0255 0.0163
(0.0166) (0.0146)

% Asian students 0.0438∗∗ 0.0084
(0.0201) (0.0167)

% special Ed students -0.1471∗∗∗ -0.1269∗∗∗

(0.0077) (0.0069)
Observations 11109 11497

Notes: OLS regression of the difference between GL
and CL and a range of student and teacher character-
istics, averaged at the teacher-year level. VA is calcu-
lated using data from NYC. Robust standard errors in
parentheses.
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Appendix C Roy Model

To provide a conceptual framework for the effects of changes in pay on teacher sorting across districts,
I build a model similar to Roy (1951). I consider two equally-sized districts, A and B, and a continuum
of utility-maximizing teachers, having utility u = w (where w is salary) and a level of quality θ, normally
distributed with mean µ and variance σ2.

In each of two periods (t = 0 and t = 1) teachers decide where to teach. At time t = 0, salaries are
fixed in all districts and do not depend on teacher quality: wA = wB = w̄. Since districts are identical,
teachers equally distribute themselves between A and B, and the resulting distribution of teachers’ qual-
ity is identical across the two districts. Under these circumstances teachers have no incentives to change
district, and the moving rate is therefore zero. I consider a change in salaries in A at time t = 1, from w̄ to
wA = αw̄ + βθ, with 0 < α < 1 and 0 < β < 1. Salaries in B remain unchanged at w̄.

Two simple propositions summarize the implications of the salary change in district A on the sorting
patterns of teachers across districts in t = 1.
Proposition 1. The share of teachers moving across districts increases after a change in salary schemes in
one of the two districts.
Proof. The share of teachers moving at t = 0 is zero. Utility maximization implies that a teacher with
quality θ will move from district A to district B if and only if wA < wB .63 As a result, the share of
teachers who move from A to B is:

sAB = Pr(αw̄ + βθ < w̄) = Φ

(
(1− α)w̄ − βµ

βσ

)
(34)

where Φ(.) denotes the CDF of a standard normal. Analogously, the share of teachers who move from B

to A is:

sBA = Pr(move from B to A) = P (αw̄ + βθ > w̄) = 1− Φ

(
(1− α)w̄ − βµ

βσ

)
(35)

As long as β > 0, sAB > 0 and sBA > 0.
Proposition 2. Movers from A to B are negatively selected in the district of origin. Movers from B to A

are positively selected in the district of origin.
Proof. Define k = (1−α)w/β > 0 and κ = (k−µ)/σ. By the properties of a truncated normal, the average
quality of teachers moving from A to B is

θ̃AB = Eθ(θ|αw̄ + βθ < w̄) = µ− σ φ(κ)

Φ(κ)
(36)

where φ(.) is the PDF of a standard normal. Similarly, the average quality of teachers moving from B to
A is

θ̃BA = Eθ(θ|αw̄ + βθ > w̄) = µ+ σ
φ(κ)

1− Φ(κ)
(37)

It is trivial to demonstrate that θ̃AB < µ and θ̃BA > µ. The result follows.

Intuitively, the introduction of a quality component of teacher salaries in one district changes the
optimal choice of some teachers, leading to an increase in cross-district movements. This happens be-
cause lower-quality teachers are over-compensated and higher-quality teachers are under-compensated
in a fixed-salary regime (t=0), compared to a case in which quality is rewarded in district A (t=1). As a
result, in the second period higher-quality teachers working in B will be better off moving to A in order
to increase their salary, whereas lower-quality teachers in A will be better off moving to B in order to
maintain their original salary level.

63I assume, without loss of generality, that moving costs are zero for all teachers.
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This simple framework can be extended to account for exit from the teaching profession, by allowing
for the existence of an outside labor market, denoted by O. This market represents the outside option
for teachers currently employed in one of the two districts, such as a teaching job in a private schools,
in a different sector, non-employment, or retirement. When employed in O, workers receive a salary
wO = γw̄+ λθ. To rule out uninteresting cases, I assume that exit entails no cost, whereas moving entails
a cost m. The presence of the outside market guarantees that teachers who remain in public schools at
t = 0 have quality θ < θ̄, where θ̄ = (1−γ)w̄

λ . This setup implies the following propositions.
Proposition 3. Under the above assumptions, the share of teachers who exit public schools increases after
a change in the salary scheme in one of the two districts.
Proof. The share of teachers exiting at t = 0 is zero. Utility maximization implies that a teacher with
quality θ working in A will exit if and only if wO > max{wA, wB −m}. Similarly, a teacher with quality
θ working in B will exit if and only if wO > max{wA −m,wB}. Since all teachers working in districts A
and B have quality θ < θ̄, the share of teachers exiting from B in t = 1, sBO, is equal to 0.

To calculate the share of teachers exiting from A, sAO, I define some useful quantities. I define θ1

as the quality of a teacher currently working in A who is indifferent between exiting and moving to B.
Similarly, I define θ2 as the quality of a teacher currently working in A who is indifferent between exiting
and remaining in A.64 Lastly, I define θ3 as the quality of a teacher working in A who is indifferent
between staying in A and moving to B.

θ1 =
(1− γ)w̄ −m

λ
(38)

θ2 =
(γ − α)w̄

β − λ
(39)

θ3 =
(1− α)w̄ −m

β
(40)

To rule out uninteresting cases, I assume θ2 < θ̄ and θ2 > max{θ1, θ3}, i.e. there always exist teachers
who prefer to exit A, and teachers who prefer to stay. Under these assumptions, the following cases can
occur:

• θ1 < θ3. In this case, described in the top panel of Figure C1, three groups of teachers exists among
the incumbents inA: those with θ < θ1 (red section), who will be better off moving toB; those with
θ : θ1 < θ < θ2 (green section), who will be better off exiting; and those with θ > θ2, who will be
better off staying (blue section).

• θ3 < θ1. In this case, described in the bottom panel of Figure C1, teachers with θ < θ3 (red section)
will be better off moving to B; those with θ : θ3 < θ < θ2 (blue section) will be better off staying in
A; and those with θ > θ2 (green section) will be better off exiting.

As a result, sAO can be written as:

sAO =

Pr(θ1 < θ < θ2) = Φ( θ2−µσ )− Φ( θ1−µσ ) if θ1 < θ3

Pr(θ > θ2) = 1− Φ( θ2−µσ ) if θ3 < θ1

(41)

which is positive under the above assumptions.

Prediction 4. Under the above assumptions, exiters from A are negatively selected in the district of

origin.
Proof. Define ρ = (θ̄ − µ)/σ, υ = (θ1 − µ)/σ, and ϕ = (θ2 − µ)/σ. Note first that the average quality of
teachers in A and B before the change in the salary scheme is Eθ(θ|θ < θ̄) = µ− σφ(ρ)/Φ(ρ) < µ. By the

64I assume θ2 exists and is finite.
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properties of a truncated normal, the average quality of teachers exiting from A is

θ̃AO =

Eθ(θ|θ1 < θ < θ2) = µ− σ φ(ϕ)−φ(υ)
Φ(ϕ)−Φ(υ) if θ1 < θ3

Eθ(θ|θ > θ2) = µ+ σ φ(ϕ)
1−Φ(ϕ) if θ3 < θ1

(42)

If φ(ρ)/Φ(ρ) < (φ(ϕ)− φ(υ))/(Φ(ϕ)− Φ(υ)), the first case implies the result.
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Figure C1: Conceptual framework: movers and leavers, case 1 (top panel) and case 2 (bottom
panel)

Notes: Values of θ and move/exit decisions for incumbents in district A, as described in the conceptual
framework in Section 5.
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Appendix D Solving the And Estimating the Model

Solving the District’s Problem

District j faces the following problem (I drop the subscript j for simplicity):

max
{o}i∈N

N∑
i=1

hioiui

s.t.
N∑
i=1

hioiwi ≤ B

N∑
i=1

hioi ≤ H

oi ∈ {0, 1} ∀i = 1, .., N

where oi = 1 if the district makes an offer to teacher i, hi is an indicator of whether teacher i accepts
district j’s offer, if one is made, ui is the utility from hiring teacher i, wi is the wage, B is the budget
constraint, and H is the maximum number of teachers that can be hired.

This is a linear programming problem which can be seen as a two-constraints version of the 0-1
knapsack problem. I solve it using the algorithm proposed by Martello and Toth (2003), based on the
continuous relaxation of the original problem. The solution proceeds in the following steps:

1. I write the continuous relaxation (CR) of the problem, i.e. I substitute the third constraint with the
milder 0 ≤ oi ≤ 1 ∀i. This allows me to assign a Lagrange multiplier λ to the second constraint.

2. I re-write the CR problem as a function of (λ) on the second constraint (CR(λ)):

max
{o}i∈N

N∑
i=1

hioi(ui − λ) + λH

s.t.
N∑
i=1

hioiwi ≤ B

0 ≤ oi ≤ 1 ∀i = 1, .., N

For each value of λ, this continuous relaxation is a one-constraint version of the unbounded knap-
sack problem (Dantzig, 1957), which can be solved using linear programming techniques. As in all
linear programming problems, existence of a solution follows from the feasibility of the problem,
i.e. the existence of a set of offers that satisfies both constraints, which is easily verifiable in this
case.

(a) I define a teacher’s relative payoff as the payoff the district obtains from hiring her (net of the
shadow price of relaxing the capacity constraint) per dollar of salary: (ui− λ)/wi. Intuitively,
the relative payoff measures the “efficiency” of the hire from the standpoint of the district.

(b) I then sort teachers in descending order of relative payoff, so that (ui − λ)/wi ≥ (ui+1 −
λ)/wi+1. This ranking incorporates the fact that the payoff from a hire contains both a mon-
etary cost, captured by the salary that must be paid, and a utility cost, which stems from the
the capacity constraint becoming tighter.

(c) I define the “critical” teacher as the one indexed by s(λ) = min{i :
∑i
j=1 wjhj > B or hi(ui −

λ) < 0}. In words, the critical teacher is the first teacher whose hire is unworthy from the
point of view of the district, either because it leads to a violation of the budget constraint, or
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because the payoff from the hire is smaller than the utility cost from tightening the capacity
constraint. The position of the critical teacher in the ranking separates teachers whose hire is
worthy (i < s(λ)) from teachers whose hire is unworthy (i > s(λ)).

3. Solve the CR(λ) problem as in Dantzig (1957). The solution to this problem, oc
∗
, is as follows:

oc
∗
(λ) =


1 if i < s(λ)
c−

∑i−1
j=1 wj

wi
if i = s(λ) and hi(ui − λ) ≥ 0

0 if i = s(λ) and hi(ui − λ) < 0 or i > s(λ)

(43)

where teachers are sorted so that hi(ui − λ)/wi ≥ hi+1(ui+1 − λ)/wi+1, and s(λ) represents the
“critical” teacher, i.e. s(λ = min{i :

∑i
j=1 wjhj > B or hi(ui − λ) ≤ 0}).

4. For a given λ, define the solution to the discrete choice model as o∗(λ) =
⌊
oc
∗
(λ)
⌋
.65

5. Select the optimal λ∗ as follows:

(a) Construct a set S of admissible levels of λ. As shown by Martello and Toth (2003), this in-
cludes: a) λ = 0; b) λ = ui ∀i; c) λ = (ujwi − uiwj)/(wj − wi) ∀i < j and such that λ > 0.

(b) For each of these admissible levels, compute the value of the relaxed budget constraint:
R(λ) =

∑s(λ)−1
i=1 hi + oc

∗

s(λ)(λ)hs(λ)

(c) Select the median value of the elements of S, called λM .

(d) If R(λ) = H , then λ∗ = λm.

(e) If R(λ) > H , then remove λm from S, and reiterate from (c).

The solution to the problem is then given by o∗(λ∗). It should be noted that this procedure selects
only one value of λ∗, and therefore yields a unique solution to the problem. In principle all λ satis-
fying R(λ) = H are optimal, which would give rise to multiple optimal solutions to the problem.
Since, as shown by Martello and Toth (2003), R(λ) is a non-increasing function of λ, the only case
in which this can happen is if the function R(λ) is flat and equal to H over an interval [λ, λ]. In
this case, all λ in this interval would give rise to optimal solutions. It should be noted, however,
that these λ will all be relatively close to each other, and virtually yield the same solution to the
problem.

Estimation Procedure

I estimate the parameter vectors α (teachers’ utility), α0 (teachers’ outside option), β (districts’ pay-
off), and σ2 (variance of the district’s shock) using a maximum likelihood estimator. To do so I use data
from 410 Wisconsin districts for the year 2014. For computational simplicity, I divide Wisconsin in twelve
separate geographic labor markets, corresponding to the twelve Cooperative Educational Service Agen-
cies (CESAs).66 I consider each market as a separate one: Teachers can only move within CESAs, and

65This solution method corresponds to the graphical solution to the knapsack problem provided by Dantzig (1957).
All teachers are represented as points in a plane having utility net of λ on the vertical dimension and salary on the
horizontal dimension. Each teacher has coordinates (ui − λ,wi). The solution consists in rotating clockwise a ray
with the origin as pivot point and the vertical axis as starting point, and in setting o∗i (λ) = 0 for all teachers swept
out by the ray, until the point in which the sum of their salaries exceeds the budget.

66CESAs providing services to Wisconsin schools, such as professional development for teachers, support staff,
principals, and district leaders; cooperative purchasing to maximize available resources; sharing of special profes-
sionals to meet student needs. Each CESA works with schools and districts in a particular region of Wisconsin.
CESAs have no taxing authority and they receive no state aid, and rely on the fees from service contracts with mem-
ber districts, and from federal, state or other grants.
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districts can only make offers to teachers already working in their CESA. In 2014, about 60 percent of
movements of teachers happened within a CESA.

The estimation procedure develops in the following steps (t denotes year).

1. I draw the idiosyncratic shocks εijt for each teacher, district, and year, from a standard normal
distribution. I set the initial values of the parameters to α0, α0

0, β0, and σ0.

2. For each district, teacher, and year I compute the district’s payoff as uijt = β0xit + σ0εzijt.

3. For each district and teacher, I compute the probability that the offer is accepted (conditional on an
offer being made), hijt, with an iterative procedure:

(a) I initially set hijt as being the probability that teacher i accepts the offer of district j when all
districts make her an offer. The distributional assumption on ξijt allows to write this proba-
bility as hstartijt = exp{αzijt − α0}/(1 +

∑
k∈J exp{αzijt − α0}).

(b) Given hstartijt , I solve each district’s problem and derive their optimal set of offers, o∗jt, and the
consequent set of offers received by each teacher, Oit.

(c) Given Oit, I re-estimate the probability that an offer is accepted, if one is made, as hijt =

exp{αzijt − α0}/(1 +
∑
k∈Oit

exp{αzijt − α0}).

(d) I iterate the process until convergence.

4. Having determined uijt, hijt, and wijt, I solve each district’s problem. In this way I obtain the
optimal set of offers, o∗jt, and the consequent set of offers received by each teacher, Oit.

5. I write the log-likelihood function as

l(α, α0, β, σ
2|z, x) =

N∑
i=1

log hij(it)t =

N∑
i=1

log

[
exp{αzijt − α0}

1 +
∑
k∈Oi

exp{αzijt − α0}

]
(44)

where j(it) denotes the district to which teacher i is matched in year t.

I estimate the parameters α, α0, β, and σ using maximum likelihood. The log-likelihood is maximized
using a Nelder-Mead simplex algorithm as described in Lagarias et al. (1998). I compute standard errors
as the square root of the diagonal elements of the inverse of the information matrix, and I calculate the
information matrix using numerical derivatives.67

Model Fit

To assess the within-sample fit of the model I compare a set of moments obtained simulating the
model on data from 2014, used in estimation, with the same set of moments taken from the data. I use
the share of teachers moving to a different district and the share of teachers exiting public schools, for all
teachers and separately for teachers with positive and negative value-added. Columns 1 and 2 of Table D1
show the results of this exercise. The model tends to underestimate movements and exit. To assess out-
of-sample fit I simulate the same moments using data from 2010 (not used in estimation), and compare
them with moments from the data (Todd and Wolpin, 2006). Despite underpredicting movements and
exits overall, the model predicts a higher exit rate in 2010 compared to 2014, a pattern that is observed in
the data.

67Optimization is implemented using the package fminsearch in Matlab.
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Table D1: Model fit

2014 (estimation year) 2010 (testing year)
moment model data model data

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

p(move) 0.0145 0.0111 0.0016 0.0037
VA>0 0.0026 0.0164 0.0027 0.0037
VA<0 0.0018 0.0127 0.0007 0.0037

p(exit) 0.0147 0.0532 0.0069 0.0339
VA>0 0.0159 0.0580 0.0073 0.0333
VA<0 0.0135 0.0577 0.0067 0.0344

Notes: Estimation year refers to 2014; testing year refers to
2010. Model estimates are obtained from the model and using
the parameter estimates in Table 8.
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