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Abstract

Employers facing limited labor market competition may suppress wages
below socially optimal levels. Unions can counteract this wage sup-
pression through collective bargaining, though they may also push
wages above the socially optimal level. To assess these forces, we
estimate a structural model of labor supply, labor demand, and Nash-
in-Nash bargaining over wages between teacher unions and school dis-
tricts in Pennsylvania’s K-12 public school system from 2013 to 2020.
Using the estimated parameters, we compare negotiated equilibrium
wages and employment to the pure oligopsony scenario and the so-
cial planner scenario. On average, pure oligopsony reduces wages 16
percent below the social optimum, while collective bargaining raises
wages by 9 percent above the optimum. This average masks sub-
stantial district-level heterogeneity driven by variation in bargaining
power. Twenty-seven percent of schools have negotiated salaries be-
low the social optimum due to cross-district externalities, where high
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salaries at one school lead to hiring reductions, which increase labor
supply in competing districts.

1 Introduction

A large and growing body of work measures employer monopsony power and
considers its welfare implications on the labor market. With monopsony
power, wages and employment are suppressed below the socially optimal
level when firms face upward-sloping labor supply curves. In this paper,
we consider the most traditional policy intervention for a monopsonized la-
bor market, unionization, where workers form collective bargaining units to
negotiate over wages with employers. As discussed by Galbraith (1954),
and earlier by Robinson (1933), collective bargaining allows workers to have
“countervailing power” when negotiating with large employers; unions act
as labor supply monopolists to counter labor demand monopsony power on
the employer side.! Ideally, unions would cause wages to rise to the socially
optimal level, but unions also have the potential to raise wages beyond that.

In this paper, we use a structural model of bargaining, hiring, and labor
supply to quantify the effects of collective bargaining relative to the monop-
sony setting without unions (where employers post wages) and evaluate how
the settings compare to the socially efficient outcome. We use the model to
assess the equilibrium effects of unionization as well as the spillover effects of
unions on competing non-unionized employers. We also consider the welfare
effects of alternative wage policies: minimum wages and state-level uniform
wages.

We focus on the market for K-12 teachers in Pennsylvania, which has
several characteristics that make it particularly well suited to understanding
collective bargaining and monopsony power. First, the government is the
predominant employer of school teachers, and at least in a fixed geographic
area is a true monopsonist. Second, wages for school teachers are set using a
uniform schedule, which greatly simplifies the monopsony distortion. In con-
trast, if wages are negotiated for each worker, it is possible that monopsony
power causes no distortion in hiring, since the employer need not raise the
wages of other workers in order to make a hire. Third, in most school dis-
tricts in the state, with the notable exception of most charter schools, wages

!See Chapter 25 of Robinson (1933).



are negotiated through a collective agreement between each school district
and the district’s local chapter of the teacher union.

Given that many school districts compete for the same pool of teachers,
we use an oligopsony model with hiring. In practice, true employer monop-
sonists are rare; oligopsony, therefore, is a more relevant market structure.
The oligopsony model also allows us to capture spillover effects between
school districts that lead to heterogeneous welfare effects from our policy
counterfactuals.

Our collective bargaining model with oligopsony relies on estimates of
each school district’s demand for and supply of teacher labor. Labor demand
is determined by the school district’s input allocation decision, in which it
decides how to allocate a fixed budget to hiring teachers versus purchasing
other inputs such as buildings, computers, other staff, etc. We estimate a
constant elasticity of substitution (CES) objective function that determines
how the school district makes this tradeoff. We estimate an elasticity of labor
demand of ep = —0.72. Based on their demand and the negotiated wage,
school districts send out offers to a subset of teachers. When negotiated
wages are set above the level that clears the labor market, not all workers
will receive a job offer, i.e., the equilibrium point will be on the labor demand
curve.

For labor supply, we estimate a mixed-logit labor supply model that de-
pends on wages, commuting distance to each school district, other school
characteristics, such as the share of students who qualify for free-lunch and
charter status, and a random coefficient on the outside employment option
that allows for positive correlation in teachers unobserved preferences for
jobs in public education. Since our model incorporates constrained choice
sets that we do not observe, a traditional estimation strategy that assumes
workers can obtain employment at all possible districts would bias our esti-
mates (Crawford et al., 2021). Instead, we estimate the preference parame-
ters in our discrete choice labor supply model using the quit decision, since
conditional on tenure, all teachers can either choose to keep their current
job or "quit” and leave the public education sector. During estimation we
adjust the density of the unobserved heterogeneity parameter to account for
the fact that it differs for those that either quit or stay versus those that
switch employers.

We find that the estimated marginal rate of substitution between com-
muting time and wages implies that a teacher values each hour of commuting
at $ 49.22. The average elasticity of labor supply is 5.74, but varies between



4.4 and 6.2 However, since teachers may only receive offers from a subset
of schools in equilibrium, the average elasticity of labor supply conditional
on these offers is lower at 3.76. We also estimate cross-elasticities of labor
supply and find that teachers are more likely to substitute to nearby school
districts than to the outside option. Thus, lowering wages in one school dis-
trict leads teachers to switch school districts rather than leaving the teaching
profession.?

For collective bargaining, we use the Nash-in-Nash model commonly em-
ployed in the bilateral oligopoly literature in empirical industrial organiza-
tion. We estimate a bargaining power parameter for each school district-
collective bargaining unit pair and find substantial dispersion in bargaining
power, which echoes previous work such as Grennan (2013).

After estimating the model, we generate equilibrium outcomes of wages
and teachers for the social planner, posted wages, and collective bargaining
environments. The model predicts average wages of $49,234 for the social
planner, while predicting average wages of $45,536 for the posted wage set-
ting. Each school district always pays lower wages to teachers in the posted
wage setting compared to the social planner setting. Moreover, overall em-
ployment only drops from 113,237 to 112,201 teachers when moving from the
social planner to the posted wage environment. Because demand and supply
for labor are relatively inelastic, the monopsony distortion has larger effects
on wages than on employment. In the collective bargaining setting, average
wages are $52,822 which is 16% higher than the oligopsonist solution and
is also 7 percent above the social planner solution. However, the number of
teachers falls from 113,237 to 107,292 as job rationing occurs under collective
bargaining.

Collective bargaining, however, does not lead to uniformly higher wages
for teachers. For instance, thirty percent of school districts have lower wages
under collective bargaining compared to the oligopsony setting. To make
sense of this result, notice that oligopsony is the limit of the collective bar-
gaining solution as bargaining power to workers tends to 0. Thus, absent
bargaining externalities between school districts, collective bargaining must

2Using pre-determined salary schedules as an instrument, Ransom and Sims (2010)
estimate a labor supply elasticity of 3.7 for teachers in Missouri. In a meta-study not
specific to teacher labor markets, Sokolova and Sorensen (2021) report elasticities between
4-6.

3If a school is far away from other schools, teachers may prefer the outside option when
wages fall at that school.



raise wages. However, when wages at a school district increase, the school will
reduce hiring, which expands the pool of teachers that other school districts
can hire.* Essentially, the reduction in hiring pushes out the labor supply
curves at nearby school districts, which allows them to lower wages. Thus,
the overall effect of collective bargaining depends on how negotiated wages
interact with school district hiring decisions, which creates externalities on
the labor supply of nearby schools. This possibility has been discussed since
at least the pioneering work of Lewis (1963). The complexity of the effects of
bargaining power on outcomes in markets with externalities also recalls the
work of Ho and Lee (2017) who find effects of market power in the market for
hospital services that can raise or lower prices to consumers due to complex
externalities.

We also run counterfactuals looking at state-level wage setting, such as
the practice in North Carolina of having a wage that applies for all teachers in
the state. This policy combines a) replacing an oligopsony of school districts
with a state monopsonist and b) an identical wage in each school district.
While monopsony power alone would depress wages, the restriction to paying
teachers the same wage everywhere limits this monopsony power. In a similar
vein, we look at a minimum wage at the state level that could limit oligopsony
power. Here, the large variation in the desirability of different school districts
makes a uniform minimum wage less effective at implementing the socially
efficient outcome.

Related Literature This paper relates to several strands of literature at
the intersection of labor, monopsony, and industrial organization.

We contribute to the long-standing literature on the impact of unioniza-
tion on the wage distribution. Many papers attempt to estimate the impact of
unionization on the wage distribution. Notable studies include Lewis (1963),
Freeman and Medoff (1984), Card (1996), Lemieux (1998), DiNardo et al.
(1996), DiNardo and Lee (2004), and Farber et al. (2021). These studies
largely focus on estimating the extent to which unions raise wages, either
by using cross-sectional comparisons, longitudinal data containing individu-
als that switch to or from union jobs, or quasi-experiments like close union
elections. Recent estimates based on regression comparisons by Blanchflower
and Bryson (2024) indicate that unionized workers earn around 17.5 percent
higher hourly wages than observationally equivalent non-unionized workers.

4We assume that these schools are in the labor demand binds case.



Despite the fact that U.S. public sector workers are about five times more
likely to be unionized than private sector workers (Card et al., 2020), fewer
studies focus on the impact of unions on public sector wages. Notable excep-
tions include Blanchflower and Bryson (2010), Card et al. (2020), and Baker
et al. (2024). More narrowly, teaching occupations are the most heavily
unionized occupations in the United States, yet we know of only two studies
that consider union effects on the labor market for teachers and they reach
mixed conclusions. Hoxby (1996) uses panel data on district budgets per
student and finds that spending per student increases after teachers union-
ize. She argues that the spending increase is due to increased salaries, as
class sizes do not fall after unionization. Lovenheim (2009) uses a difference
in differences design with data from teacher union election results in lowa,
Indiana, and Minnesota to estimate the impact of teacher unions on school
budget outcomes. He finds no impact on teacher pay, but there is a small
increase in employment.

These papers do not specify a model for labor supply, demand, or how
wages are set, so they cannot provide insight into how unions may influence
the gap between wages and the marginal revenue product of labor, provide
a framework for the analysis of counterfactuals, or explore implications for
welfare. We fill that gap by adding additional structure and an empirical
model of union negotiations. The framework relates to an an older strand
of labor and industrial relations theory surveyed in Farber (1986). As that
literature preceded the development of many current structural methods in
applied microeconomics, there are scant attempts to use this work for quanti-
tative prediction with Azkarate-Askasua and Zerecero (2024) being a notable
exception, as well as the work of

Turning to the side of industrial organization, we draw on a recent litera-
ture that looks at bilateral oligopoly, that is, situations where both the buyers
and sellers of an input have market power, and where prices are determined
by Nash-in-Nash Bargaining (see Horn and Wolinsky (1988) and Collard-
Wexler et al. (2019)). This literature starts with Crawford and Yurukoglu
(2012) who study negotiations in cable television, or Grennan (2013) for
stents, but has reached its most fully developed form in the work on negotia-
tions between hospitals and health insurance companies, see Gowrisankaran
et al. (2015) and Ho and Lee (2017), among others. One of the important
innovations of this literature for our purposes is that the Nash-in-Nash con-
cept allows us to deal with both bargaining and the oligopsonic interactions
in the labor market that introduce externalities between negotiations.
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This work in industrial organization is complemented by production side
approaches to monopsony, such as Delabastita and Rubens (2025) and Rubens
(2023). Our input allocation problem is an adaptation of this type of ap-
proach to the context of the public sector where the objective of profit max-
imization is nonsensical, but cost minimization does hold.

Third, there are a large number of recent papers looking into monopsony
power, coming from a broad cross-section of economics. Some prominent
papers are Berger et al. (2022) and Gottfries and Jarosch (2023). A useful
survey is provided by Kline (2025).

Finally, there is a small literature trying to understand the labor market
for teachers using equilibrium models. Some recent work is Bates et al.
(2025) and Biasi et al. (2021). However, while we broadly relate to this work
in education, our focus is on understanding equilibrium effects of negotiations
between school districts and teachers over wages and hiring rather than how
bargaining affects outcomes for students. Indeed, baked into the model of
collective bargaining over wages is a fundamental opposition between the
interests of teachers and school districts.

The paper proceeds as follows. Section 2 presents a stylized version of the
model we will estimate to build intuition for the components that need to
be estimated. Section 3 discusses the institutional features of the market for
teachers in Pennsylvania and the data that we will use. Section 4 presents
some preliminary empirical evidence on wage setting. Section 5 estimates
the structural model and Section 6 discusses counterfactuals. We conclude
in Section 7.

2 Stylized Model

We begin by providing a stylized model of collective bargaining and monop-
sony power. This model will be extended in Section 5 to account more
precisely for the institutional features of the market and to allow for estima-
tion. We start with the classical analysis in Chapter 25 of Robinson (1933),
and then adapt the model to the context of teachers in Pennsylvania.
Consider the case of a monopsonist employer that has a labor demand
curve given by LP(w), where w is a uniform wage paid to all employees.
Workers have a labor supply curve given by L°(w). Panel a) of Figure 1
presents this case. The intersection of the labor supply and labor demand
curve at point A yields the social planner solution, with wages, w*, and L*



workers hired.

The marginal hiring cost for a monopsonist is given by MFC = w +
L5 2u = w (1+ (e9)7'), where ¥ is the elasticity of the labor supply curve.
In order to hire additional workers the monopsonist needs to pay infra-
marginal workers more. Thus, the marginal cost of hiring is always greater
than the labor supply curve.

As such, the monopsonist will choose to hire at point B, the intersection
of the labor demand curve and the marginal hiring cost curve, yielding L°
workers and a lower wage w®. This depression of wages and employment
below the competitive level implies a deadweight loss from monopsony power,
which is represented by the shaded triangle.

Notice that the size of the deadweight loss, as well as the depression
of wages below the efficient level depends on the interaction between the
elasticity of labor supply and the elasticity of labor demand. Indeed, if labor
demand is completely inelastic, then there is neither deadweight loss, nor
depression of wages below efficient levels, no matter the elasticity of labor
supply.

Now suppose that workers can collectively bargain with the employer,
which is captured in Panel b) of Figure 1. In this case, if the union’s well-
being increases more rapidly in wages than the employer, wages will be higher
than B. In addition, if the union is willing to trade off less employment to
obtain higher wages, wages could be bargained to w® above w*. In this case,
labor supply at point D is greater than labor demand at point E’; there
will be excess supply of workers. Thus, we need to make an assumption on
whether labor is chosen by the union or the employer. We follow the classic
Dunlop (1944) approach used in Farber (1978), and assume that employers
choose employment on the labor demand curve. > Then, labor will be chosen
on the labor demand curve at point E, and thus L’ = L°(w®) workers will
be hired. Again there is a deadweight loss, but with different incidence on
workers and employers. The relative magnitudes of the deadweight losses in
the case of monopsony in Panel a) of Figure 1 versus the deadweight loss in
panelb) of Figure 1 cannot be signed purely from theory. As such, we will use

5The collective bargaining agreements for school districts in Pennsylvania do not specify
employment levels in the contract, only wage schedules. The US Port workers, where 50
percent of the union membership is paid, but not assigned to a particular job, provides
an example for the case where employment levels are agreed upon in the union contract
(see WSJ Article accessed January 25, 2025). See section 3 of Farber (1986) for more
discussion on this point.


https://www.wsj.com/opinion/longshoremen-union-strike-ports-waterfront-commission-new-york-harbor-harold-daggett-debd179a

empirical methods to quantify the relative sizes of these deadweight losses.
Our assumption on employer choice of labor implies that collective bar-

gaining may generate excess labor supply. We specify a rationing rule for

labor in our model so that not all workers will get job offers in this case.

3 Institutional Background and Data

We study public school teachers for kindergarten to twelfth grade, who are
employed in regular public schools or charter schools in the state of Pennsyl-
vania from 2009 to 2023.°

3.1 Teachers

Teachers are licensed professionals hired by schools to teach children. After
a 3-year period on the job, teachers become tenured, which is portable across
all public school districts. As a practical matter, once teachers obtain tenure,
they are very rarely fired, and indeed, are infrequently fired before obtaining
tenure as well.

Teachers in Pennsylvania are paid through a school district-specific uni-
form wage schedule that depends only on a) years of experience, typically
until 10 or 15 year in yearly steps, and b) education level (whether they
have a masters or Ph.D. degree). Experience transfers across school dis-
tricts. An example of such a schedule is shown in Figure 2 for Abington.
This is important for two reasons. First, a uniform wage schedule is needed
for monopsony power to distort hiring choices. If a school district can hire
a marginal teacher by offering a higher wage only to this hire, the monop-
sony distortion on hiring would not exist.” Second, uniform wage schedules
reveal the wage a teacher would earn in an alternative job, which is crucial
for modeling labor supply.

Teachers are also compensated with benefits, such as retirement and
health insurance plans. These benefits represent about 30 percent of the cost
of hiring a teacher in 2023, and are similar across school districts. For ex-
ample, pension benefits are administered by the Pennsylvania Public School

6We have longitudinal panel ids for teachers from 2013-2023. Most of the analysis uses
panel ids. We avoid using data from 2020-2023 to avoid complications related to Covid-19.

"More precisely this is the case in a context of complete information between workers
and employers as any information asymmetries would reintroduce such distortions.



(b) Collective Bargaining

Figure 1: Welfare Analysis of Collective Bargaining and Monopsony Power
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Employees” Retirement System; also, most schools offer health care from a
Blue Cross Blue Shield plan with a fairly comprehensive network, often a
PPO. Thus, job lock due to limited portability of benefits or employer dif-
ferentiation due to benefits should not be significant.

3.1.1 Teacher Data

Our main data source is annual payroll data from Pennsylvania.® It con-
tains the name, salary, experience, tenure, degree status, job description,
demographic characteristics, and school district employer identification num-
ber and name for each teacher and non-instructional staff member from the
academic years 2009-2010 through 2022-2023 inclusive. Beginning in the
2013-2014 school year, the data includes time-invariant employee identifiers,
allowing us to track employees over time.

Second, we use data from InfoUSA that links names to home addresses for
all Pennsylvania residents from 2010 to 2022.° In order to identify the com-
muting distance between teachers and school districts, we match the InfoUSA
data to the payroll data on exact name and year. Since many teachers have
common names — think Elizabeth Smith — we restrict attention to teachers
who are uniquely matched in InfoUSA to compute commuting distance. We
are able to obtain a unique match for about 35.8% of teachers in the payroll
data. We assume that teachers with unique names do not have significantly
different residential patterns than other teachers. See Appendix A.2 for more
details.

We use the home address and work address to compute commuting times
using the HERE georouting application,'® for the school a teacher currently
works at. For the collective bargaining model, we approximate the full school-
teacher commute time matrix using a regression of our commute time data
on as the crow flies distance.

Table 1 presents summary statistics of the public school teachers in the
data in 2017. We restrict our analysis to teachers that work at either school
districts or charter schools, and avoid teachers who work in juvenile peniten-

8Penn Stafl Data, accessed January 25, 2025.

9Note that InfoUSA rebranded as Data Axle in 2020. Data Axle’s address data is
generated using public sources, voter registration data, utility company data, and real
estate data.

0We wused the stata georoute package which matches to the HERE API
https://www.here.com/platform/geocoding.
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‘ Mean Standard Deviation Observations

Charter Schools 0.07 0.26 113,224
Unionized 0.93 0.25 113,224
Percent Female 0.74 0.44 113,224
Percent White 0.95 0.23 113,224
Percent w/ Masters 0.56 0.50 113,224
Avg Years in Education 13.91 8.44 113,224
Avg. Commute Time 23.25 18.97 28,477
Average Wage 68,923.94 17,572.32 112,945
Exit Rate 0.04 0.20 113,224
Switching Rate 0.02 0.14 113,224

Notes: The summary statistics were computed on the 2017 population of public school teachers in
Pennsylvania who work for either a public school district or a charter school. We exclude teach-
ers working at juvenile penitentiaries or technical high schools. The data was retrieved from the
personnel files from the State of Pennsylvania. See Footnote 7 for details. Average commute
time has missing data, because we were not able to match all teachers to InfoUSA addresses. In
addition, the top 2.5% of commute time values were not included in the average computation.

Table 1: Summary Statistics of Teacher Data in 2017

tiaries or technical high schools, which make up about 5% of public school
teachers. Public school districts hire about 90% of teachers relative to 10%
at charter schools. In addition, the profession is almost three-fourths female,
which can exacerbate monopsony power if we believe that women find it more
difficult to move locations. Most teachers are career teachers and stay for
a long tenure. Thus, teachers have about 14 years of teaching experience
on average. They do not switch schools very often (only 2% per year), and
indeed tend to exit teaching rather than switching schools. We find that
teachers tend to exit either very early in their career or at the end when
they retire. About half of exits are due to retirement. Workers spend about
23 minutes commuting one-way to their jobs. The average wage of $68,923
hides a lot of heterogeneity across school districts and experience levels.

So that we can consider the effects on the extensive margin, we incor-
porate potential teachers who have chosen the outside option, not teaching.
These teachers work outside the Pennsylvania public school system as pri-
vate school teachers, unemployed teachers, or in different occupations. We
estimate the number of potential teachers by using the number of newly li-
censed teachers and the number of teachers who quit in the previous four
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years. We find that 22-36% of the teacher pool does not work in the public
school system depending on the region. See Appendix A.1 for details on the
construction of potential teachers.

3.2 Public Schools in Pennsylvania

There are two types of public schools in Pennsylvania, regular school dis-
tricts and independently run charter schools.'! In 2017, the state had 499
regular school districts and 165 charter schools in Pennsylvania, with over
92.5% of these public school teachers working for (and students attending) a
regular school district. Each school district belongs to one of 29 intermediate
unit which manages curriculum, education support, and other administrative
tasks. Intermediate units do not affect wages, and thus we treat each school
district as a separate employer.'? Figure 14 shows the geography of school
districts and intermediate units in Pennsylvania.

School districts get their funding from federal, state, and local sources.
Local funding across districts varies substantially because it is usually sourced
from local property taxes. In addition, school size has large variation, with
the Philadelphia School District being an order of magnitude larger than
almost all other school districts. We use data from the Annual Survey of
School System Finances from the US Census Bureau.!® This contains bud-
get data by school district and year. We complement this with information
from the National Center for Education Statistics (henceforth NCES) from
the common core of data.'* The common core of data includes school char-
acteristics like number of students, number of students who qualify for free
lunch, and number of teachers.

Table 2 presents summary statistics of the school data. The table also
includes 543 private schools, which hire about 11% of Pennsylvania’s teach-
ers.’® Due to lack of data, they are excluded from our model. In our model,

U There are also penitentiary schools and technical career schools, but we do not consider
them in our analysis. They make up 1.75% of public school teachers in our data.

P2Intermediate Units hire about 3.2% of public school teachers. These teachers tend to
be music teachers, PE teachers, special needs teachers, that likely travel between smaller
school districts. We do not consider them in our analysis

13https:/ /web.archive.org/web/20241203193341 /https: / /www.census.gov/
programs-surveys/school-finances.html accessed January 25, 2025.

14 Accessed at https://nces.ed.gov/ced /files.asp.

15Private school data comes from the National Center for Education Statistics accessible
at https://nces.ed.gov/surveys/pss/pssdata.asp.
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teachers who work for a private school have chosen the outside option.

Charter schools are generally much smaller than regular school districts
with one-third of the students—824 students vs 3,129 students on average.
About 67% of these charter schools are in urban areas, such as Philadelphia,
while only 16% of regular school districts are in urban areas. School districts
hire about 215 school teachers on average, while charter schools only hire
about 50 teachers. In addition, charter schools have a higher student-teacher
ratio of 15.88 students for each teacher compared to the school district’s
14.01. Charter schools also tend to have poorer students as measured by the
percentage of students that are eligible for the government’s free lunch pro-
gram. The summary statistics for private schools show that private schools
are small and should not have a large impact on our results.

The lower panel of Table 2 contains summary statistics of school expendi-
tures. Since school districts are much larger, they spend much more-$60.01
million compared to $11.46 million for charters. They also spend more per
student—$18,230 vs $14,030 per student. School districts tend to have more
diverse funding sources, while charter schools tend to get most of their fund-
ing from local sources. Overall, schools tend to spend about the same amount
on teachers as a share of their budget, i.e., about 30% of expenditures go to-
wards teachers, while the remainder goes toward other inputs. Teachers cost
about $112,316 on average, which includes salary and benefits. About 2/3
of the cost of a teacher is wages and salary.

Out of 678 districts and charter schools in 2017, we restrict our model
to 486/499 school districts and 121/179 charter schools, which account for
97.5% of teachers working in the 678 schools.'6

3.3 Collective Bargaining

Teachers at every regular school district are represented by a local chap-
ter of a union, the Pennsylvania State Education Association.!® The union

16We drop 9 cyber charter schools, 38 schools with less than 20 teachers, and 24 schools
due to missing data. Twenty-two of the missing data schools have missing wage data due
to our wage computation method. In order to avoid compositional variation in teachers,
we compute school wages by taking the median salary of all full-time teachers at the school
with a bachelor degree, 5-7 years of experience, and salaries above $30,000. The 22 schools
that were dropped because they lack a teacher that matches these constraints, hired only
1.1% of all teachers and are small with a median value of 33 teachers.

18For more information, see https://www.psea.org)/.
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Public Private

Full School Dist Charter
Basic Facts
Charter Schools 0.25 0.00 1.00 0.00
(10.43) ( 0.00) ( 0.00) ( 0.00)
Urban 0.29 0.16 0.67 0.42
( 0.45) (0.37) (0.47) ( 0.49)
Num of Schools 4.34 5.45 1.00
(9.12) (10.29) ( 0.00) 0
Num of Students 2,555.98 3,128.70 823.93 258.99
(5480.98) (6,183.51) (1,150.67) ( 221.33)
Num of Teachers 173.74 214.83 49.47 25.93
( 323.50) (1362.70) (54.17)  (23.00)
Num of Other Staff 30.08 35.70 13.09
( 87.18) (199.57) (15.17) 0
Student-Teacher Ratio 14.47 14.01 15.88 10.37
(2.72) (1.62) ( 4.39) (14.39)
Percent  Students on  Free 0.51 0.45 0.80
Lunch!”
(0.27) (0.22) ( 0.26) 0
Unionized 0.76 1.00 0.04 0.00
(0.43) ( 0.00) ( 0.19) ( 0.00)
Ezxpenditures
Total Expenditures (mil) 48.05 60.01 11.46
( 150.56) (171.51) (16.71) O
Expenditure per Student (thou) 17.20 18.23 14.03
(4.81) (14.35) (4.77) O
Percent Funding from Local 0.61 0.52 0.90
Sources
(10.23) (0.18) ( 0.06) 0
Expenditure on Teachers (mil) 21.27 26.74 4.52
(139.26) (143.77) ( 5.09) 0
Teacher Share of Exp 0.30 0.30 0.30
( 0.05) (0.04) ( 0.09) 0
Avg Teacher Cost 112,316.23 119,496.80 90,334.01
(24,180.63) (17,923.08) ( 27,444.61) 0
Avg. Salary Share of Teacher 0.63 0.62 0.68
Exp
(0.04) ( 0.02) ( 0.06) 0
Obs 664 499 165 543
Notes:  The table shows summary statistics for school districts, charter schools, and pri-
vate schools in Pennsylvania in 2017 with 10 or more teachers employed. The data was
retrieved from NCES. The public school data comes from the School District Finance Sur-
vey (F33) and the School District Universe Survey Data. Private school data comes from

the Private School Universe Survey Data that is collected every two years by the NCES.

1
Table 2: 2017 Summary gtatistics of School Data



and schools negotiate a collective agreement every 3-5 years that incorpo-
rates teacher salary, retirement, health care, working hours, vacation, and
termination rules, among other topics. Charter schools rarely negotiate with
teacher unions; in 2016, only 14 charter schools were unionized.'® In our
model, we assume that the local union chapter negotiates individually with
each school district and does not consider how negotiations at one school will
affect any other school district.

Of importance is that unions are negotiating wages on a uniform wage
schedule. Figure 2 shows the salary schedule for Abington School district in
2017-2018. Each school district pays teachers according to a schedule based
on steps, or years of experience in teaching, as well as having a bachelor,
masters, or doctoral degree. Based on cross-referencing collective agreements
with our data, we find that schools pay the wages stipulated in the contracts.
In the model, we assume that each school pays a single wage to all teachers
that is determined as the median wage of all full-time teachers with a bachelor
degree and 5-7 years of experience working at that school.

4 Stylized Facts and Suggestive Evidence

In this section we discuss some stylized facts that motivate our model of
oligopsony power and collective bargaining.

4.1 Wage Variation

First, we want to understand the correlates of wages at different school dis-
tricts. Figure 3 presents a map of average salaries at different school dis-
tricts in 2017. Salaries vary greatly across the state, from average salaries
of $37,444 in Turkeyfoot Valley to $97,791 for Lower Merion. Some of this
salary dispersion can be explained by compositional differences in the work-
force, such as having teachers with more experience and more education.
However, controlling for such differences only shrinks the overall variance in
salary dispersion by one-third, indicating large differences in salaries across
employers unrelated to worker attributes.

The National Allicance for Public Charter Schools collects this data: https://
publiccharters.org/wp-content /uploads/2023/01/Unionized- Charter-Schools-2016-17_0.
pdf.
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APPENDIX A SALARY SCHEDULE

SCHOOL YEAR 2018-2019 (FY19)- 2.5%

B B+15 M M+15 M+30 M+45 DOC
$41,998 | $43,373 | $45,322 | $46,704 | $48,286 | $49,918 | $51,549
$46,590 | $48,123 | $50,280 | $51,740 | $53,403 | $55,034 | $56,666
$49,059 | $50,603 | $53,328 | $54,749 | $56,705 | $58,337 | $59,969
$51,826 | $53,532 | $56,414 | $57,874 | $59,579 | $61,211 | $62,843
$54,422 | $56,615 | $59,579 | $61,045 | $62,711 | $64,342 | $65,974
$57,308 | $59,870 | $62,913 | $64,332 | $66,040 | $67,672 | $69,303
$60,468 | $63,154 | $66,156 | $67,590 | $69,287 | $70,919 | $72,551
$63,603 | $66,484 | $69,736 | $71,235 | $72,977 | $74,609 | $76,241
$66,728 | $69,736 | $73,024 | $74,450 | $76,109 | $77,741 | $79,373
$70,188 | $73,228 | $76,473 | $77,899 | $79,569 | $81,201 | $82,831
$74,467 | $77,836 | $81,655 | $83,078 | $84,780 | $86,412 | $88,043
$75,764 | $79,167 | $83,021 | $84,460 | $86,180 | $87,812 | $89,444
$76,655 | $80,091 | $83,986 | $85,437 | $87,172 | $88,804 | $90,436

(%]
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©
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Notes: B, M and DOC refer to bachelor, masters, and doctoral degree, plus additional credit hours.
Steps are years of experience. Source: Page 47 of collective bargaining agreement: “Agreement Between
Abington School Committee and Abington Education Association Effective September 1, 2018 to August
31, 2021”7 Accessed Jan 28, 2025.

Figure 2: Salary Schedule for Abington School District
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2017-2018 Average Salary By School District

W (77,225,97,791]
B (71,444.77,225]
B (68,778.71,444]
= (65,176,68,778]
= (62,087,65,176]
[ (59,585.62,087]
0 (57,366.59,585]
01 (54.416,57,366]
03 [37,444.54.416]

Notes: The map displays the average real salary of teach-
ers during SY 2017-2018 for each school district in Pennsylvania.

Figure 3: Average Salaries Vary Across Districts

Interestingly, much of the salary dispersion in Pennsylvania is not ex-
plained exclusively by local labor markets, as locations such as Lower Merion
and Philadelphia border each other and yet have average salaries that dif-
fer by over $20,000 per year. We believe that differences in wages can be
explained at least in part by differences in bargaining power.

4.2 Concentration

Next, we consider school district concentration in the market for teachers.
We consider two approaches to measure concentration: number of schools
within a geographic region and the share of teachers within 10 miles of the
school district that are hired by that school district.

We define local labor markets as Metropolitan Statistical Areas from the
Bureau of Labor Statistics.?’. We drop rural school districts that are not
part of an MSA. We also assume that teachers cannot find employment in
multiple MSAs. Figure 4 shows a scatterplot of average wages at the regional
level against regional concentration measured by the HHI, where the size of
each circle is proportional to the number of teachers in that district. We de-
flate wages by a regional price index so that differences in the cost of living
between regions do not drive the result. Figure 4 shows a negative relation-

208ee BLS Definition of Metropolitan Statistical Area, accessed Jan 28, 2025.
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Notes: Each circle in the figure represents one of the 20 primary statistical areas in Pennsylvania. The
Herfindahl is the sum of squared share of each employers teachers in the overall market, scaled by 10,000.

Figure 4: Regional HHI and Wages

ship between wages and concentration. The OLS regression coefficient shows
that an increase in HHI of 1,000 is associated with a drop in wages of $ 3,081
(with a t-stat of -2.5, but with only 20 regions).?! HHI varies from a low of
202 in Pittsburg, to 2,776 for Altoona.

Second, we construct a measure of concentration that varies at the school
district level. We compute the share of teachers that live within 10 miles of
the school district and that are employed by that school district. The higher
the share of teachers a school hires, the more market power it should have.
Figure 5 presents a map of Pennsylvania with these concentration measures
presented at the school district level. Notice the large variation in the share
of teachers within a ten mile radius that work for this school district —

21'We want to emphasize that these regressions show correlation, not causation. These
regressions have a perilous history in empirical industrial organization as summarized
by Miller et al. (2022), but have been treated with caution in the industrial organization
literature since at least Demsetz (1973)’s work. One can get positive relationships between
concentration and pricing without market power. Interpretation of these regressions should
be done with care.
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2017-2018 Share of Teachers in a 10 Mile Radius Employed By School District
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Notes: The map displays the share of teachers that live within 10 miles of each
school district that are employed by that district for the state of Pennsylvania.

Figure 5: Concentration Varies Across Districts

essentially zero in the suburban districts in Pittsburg, and over 95 percent
in certain rural school districts.

Table 3 runs the regression between log salaries at a school district and
either a) the log of the number of school districts within 10 miles, or b) the
number of districts within 10 miles being less than 5, 5 to 15, or more than
15.%2

A one percent increase in the number of school districts within 10 miles
is associated with an increase in salary of 0.06 percent. This effect is not
driven by the previous regional regression in Figure 4, but instead operates
within a region. However, if we include other controls for density, such as
the number of students living nearby, we cannot rule out zero or positive
effects of concentration on wages. Separating employer concentration and
the economics of density is not clear cut.

4.3 Wages and Unionization: Charter Schools

Charter school teachers are rarely unionized.?® We find that they pay wages
that are much lower than regular school districts. In particular, they pay
$48,722 on average to teachers compared to an average of $69,125 for regular

228ee Footnote 21.

Z3The National Allicance for Public Charter Schools collects this data: https://
publiccharters.org/wp-content/uploads/2023/01/Unionized-Charter-Schools-2016-17_0.
pdf.
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Salary Over Cost of Living Index
(1) (2) (3)
log(Districts Within 10 Miles) 0.06 0.05
(0.01) (0.01)

< 5 Districts -0.10
within 10 Miles (0.02)
> 5 and < 15 -0.06
Districts within 10 Miles (0.02)
Region FE X

Observations 1077398 1077398 1077398
R? 0.52 0.54 0.59

Notes: All regressions include controls for teacher experience, education, and whether the school is a char-
ter school. Standard errors are clustered at the school district level.

Table 3: Correlation between Concentration and Salaries

school districts. Table 4 shows that the charter school salary penalty is not
explained by teacher’s experience, degree status, and regional fixed effects
We believe the charter salary penalty arises due to the lack of a union rather
than compensating differentials. The latter is unlikely, since teachers quit
at much higher rates from charter schools, conditional on salary. Even so,
it is still difficult to interpret the difference in salary as the causal effect of
unions on salaries. For example, charter schools may compete with nearby
standard school districts for teachers and set salaries that depend on local
competitive conditions. However, the fact motivates a modeling assumption
where we allow non-unionized charter schools to post wages.

5 Structural Model

5.1 Overview of Model Components

We present a model of bargaining between school districts and teacher unions
that incorporates a labor supply decision and an offer game. Figure 6 presents
a visual representation of the data that we use to estimate the model. The
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Table 4: Union Wage Gap
Dependent Var: Log Real Wage

Variable (i) (i) (iii)
1(Charter) -0.340  -0.165 -0.326
(0.016) (0.018) (0.004)
Teacher Covariates No Yes Yes
Intermediate Unit F.E.’s No No Yes
N 556394 556394 556394

Notes: The table summarizes point estimates and standard errors of a regres-
sion of the log of real salary on a charter school indicator. Column 2 adds a
post-bachelor degree indicator and indicators for years of experience. Standard
errors are clustered by Intermediate Unit.

figure shows the location of teachers and school districts in Erie County in
northwest Pennsylvania. Small black dots indicate the location of teachers,?*
while the blue triangles represent regular school districts and the red circles
are the two charter schools.

Our model proceeds in three stages. First, wages are negotiated through
a Nash bargaining process between school districts and teacher unions. Since
negotiated wages at one school affect the labor supply of neighboring schools,
we find the wage solution that leads to a Nash equilibrium, i.e., we model a
Nash-in-Nash bargaining game. Note that the Nash bargaining model nests
the posted price solution; when the bargaining weight equals one, teacher
unions have zero bargaining power. Second, given wages, school districts
choose which teachers to send offers to based on their labor demand. Third,
workers, with offers in hand, choose which school to work at.

Notice that this model is entirely static in two important ways. First,
the model assumes that hiring and job choice happen at one point in time.
This is at odds with the strong tenure protections that teachers enjoy, and
the fact that teachers typically spend their entire career at a single school
district. However, a model that accounts for the entire life-cycle of a teacher’s
career would be challenging to incorporate into the labor supply. Second,
negotiations happen simultaneously.?’

24The location also includes potential teachers, i.e., teachers who are qualified, but not
teaching in 2017. See Appendix A.1 for details.

25Collective agreements are renegotiated every 4-5 years and are not negotiated simul-
taneously. Accommodating this feature would introduce dynamics into the bargaining
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Notes: The map shows the location of school districts and charter schools in Erie County, Pennsylva-
nia in 2017. Black dots represent teacher addresses, which were determined by merging names from
the teacher data with InfoUSA data. Teacher addresses depicted here are from the years 2010-2020.

Figure 6: Schools and Teacher Location For Erie County, Pennsylvania

We will proceed through the three stages of the model in reverse order,
that is labor supply, labor demand, and wage determination.

5.2 Labor Supply

We model the teacher labor supply decision using a mixed logit framework

with constrained choice sets. Teachers ¢ = 1,--- , N either receives utility u;;
from working in a school district indexed by j =1,---,J:
Ui; = 52]<Vz) + €ij;

0ij(vi) = Yw; + a5 —Tdi; + ov,
or from leaving public education, denoted by j = 0:
ujo = Pr + €.

The teacher’s utility from working at school j depends on the salary offered
w; and a vector of non-salary attributes z; which includes the fraction of

problem which are very complex. Lee and Fong (2013) discuss the issues associated with
it. Collard-Wexler et al. (2019) shows a model where agreements can occur sequentially,
but in equilibrium, will occur simultaneously.
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students eligible for free lunch and an indicator for whether the employer
is a charter school. The term r determines the mean value of the outside
option.

The choice model allows for both observable and unobservable hetero-
geneity in preferences across teachers. Observable heterogeneity is captured
through d;;, the commuting distance between teacher i’s home address and
the centroid of the school district 7.2 Unobservable heterogeneity depends
on two terms: 1) ¢;;, which follows a Type 1 extreme value distribution that
is independent across both i and j, and 2) 14, which follows a N(0,1) ran-
dom variable that is independently distributed across teachers. The v; term
is common across all public teaching jobs, such that teachers in a public ed-
ucation job will switch more often to another public education job given a
salary reduction rather than switching to the outside option.?”

Furthermore, this choice model allows teachers to have different choice
sets. Each teacher ¢ has a list of job offers summarized by the vector O;,
with element o;; = 1 if teacher i receives an offer from district j and zero
otherwise.

Each teacher chooses the employment option that yields the highest util-
ity, i.e., they can choose among their offers or take an employment option
outside of Pennsylvania public schools. Since our € errors are distributed
Type 1 Extreme Value, given v;, we can represent the probability that teacher
1 chooses to work at district j as:

o () — exp (04 (¥:)) 04
i3(¥4) exp(¢r) + >, exp(0i (vi))oir (1)

We integrate over v; to get:

= [ syt )
v
Given a vector of wages and the estimated parameters, we can aggregate
the individual choice probabilities to create a firm-level teacher supply curve
for each school district:

26The weighted average distance of the centroid to any school within a district is 1.58
miles. No school is more than 20 miles away from the centroid.

2TAs is common in the IO literature on discrete choice in oligopoly, it is important to
understand whether teachers are more likely to switch between schools or between the
teaching profession and the outside option. The logit model by itself would assume that
switching schools and leaving education have the same horizontal differentiation.
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Ty= Y sij, (3)

iEOj
where Oj is the set of workers 7 that receive an offer from school j, i.e.,
O]' = {Z s.t. 0ij = 1}

5.3 Estimation with Unobserved Offers

The choice probability given by equation (2) is a very common mixed logit.
A complicating factor is that we do not observe job offer sets, which in our
model are incomplete due to rationing. In this case, erroneously assuming
that all workers receive all offers would bias estimates of the marginal utility
of job attributes towards zero.?® Instead, we leverage the fact that conditional
on v, Independence of Irrelevant Alternatives (ITA) holds. We assume that
teachers always have the option of either keeping their current job (stay) or
leaving the public education sector (quit).?* Conditional on v; = v, which
is the realization of the idiosyncratic preference shock common to all public
education jobs for individual ¢, the likelihood of quitting or staying in one’s
current job is given by:

Pr(quit|quit or stay) = r (;rigcqcl)lrits)tay)
_ exp(¢r) y exp(yr) + >_; exp(dik (1)) oi
exp(¢r) + 3 _p exp(din(v4))oik exp(¢r) + exp(d;(4))
exp(¢r)

~ exp(r) + exp(3y (1)
(4)

This result follows immediately from logit-driven ITA as discussed by McFad-
den (1978) for estimation with a subset of choices. We will call s;4(v, ¢, 8, 7,0) =
Pr(quit|quit or stay).

28Tn most cases, except in the case of matching mechanisms, the entire set of offers is not
observable, since job search is often a sequential search process which terminates when one
has a good enough offer. Thus papers such as Bates et al. (2025) show principals sending
out very few offers to teachers to fill a position.

29There are very few involuntary terminations in the teaching profession, and this is
true not only after teachers receive tenure following a 3 year probationary period, but
even before tenure is granted.
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Thus, we can form a likelihood on quit decisions given by:

v

L(v,¢,8,T,0) :ZIOg[l(qi =1) /siq(u, ¢, B,7,0)¢(v|quit or stay)dv

+ (1(g; = 0)(1 — /siq(u, o, B, 7,0)¢(v|quit or stay)dv)],
(5)

If there were no teachers that switch districts, the density of v conditional on
quit or stay would be standard normal (e.g. A(0,1)) and thus Equation 5
would be a mixed binary logit. When job switching rates are low, as in
our application, misspecification bias from ignoring the selection problem
is small. We propose an algorithm to correct for the selection bias and use
monte carlo experiments to validate both that the selection bias is small when
switching is low and that our selection correction procedure is accurate.

5.3.1 Selected Job Movers

When some teachers switch jobs, ¢(v) no longer equals ¢(v|quit or stay) due
to a selection issue: teachers who quit teaching tend to have a lower value
of working in public education, i.e., v. The sample of teachers who quit or
stay has a greater proportion of quitters than the full sample of teachers
which includes job movers as shown in Figure 13 on page 73 in the appendix.
Therefore, the conditional distribution puts more weight on lower values
of v. We develop a method to correct for this selection by estimating the
conditional distribution of v:

(Pr(quit!ui, O,) + Pr(stay|v;, OZ)>
F(v]stay or quit, 0;) = f(»)

, )
(Pr(quzt|0i) + Pl"(StCly|Oi)>

J/

W;ght
Notice that when the number of job movers is small, the weight in Equa-
tion 6 will be close to 1, so that the estimation bias from job movers is small.
This intuition is confirmed by the Monte-Carlos we run in section D in the
appendix, which show in Table 21 that accounting for selection has a negli-
gible impact on the estimated coefficients given a job move rate of 3% which

30More details on the monte carlo experiments are in appendix D.
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is close to the 2% share in our own data (see Table 1). If a larger share
of workers moved, then our coefficients would be biased. For these cases,
which lie outside of the empirical context of this paper, we have developed
a selection correction algorithm that we discuss below. In short, we use the
structure of our model to estimate each piece of the weight in Equation 6.

First, we estimate the propensity score for quitting and staying denoted
as Pr(quit|O;) and Pr(stay|O;) using a non-parametric logit regression. The
probability of quitting is the product of the quit choice conditional on the of-
fer set times the likelihood of this offer set, i.e. Pr(quit| X, Z) = f0¢ Pr(quit|O;, X) Pr(0;|2).
In the propensity score regression, we include both covariates X such as com-
mute time and wages that affect the decision to quit given the offer set and
covariates Z that affect the likelihood that a teacher receives a given offer set
(which are discussed in more detail in section 5.5 discussing labor demand),
such as school budgets, distance to the school district, and the number of
other teachers located near that school district. For example, schools that
have lower wages and higher free lunch share will send out more offers to
account for the fact that teachers are less likely to accept offers.

In the context of our model, presented in section 5.5, the offer matrix of a
teacher is a deterministic function, so the propensity score is expressed more
simply by Pr(quit| X, Z) = Pr(quit|O;(Z, X)), and we estimate the propen-
sity score as Pr(quit|O;) and Pr(stay|O;). We can obtain Pr(move|v;, O;)
using the fact that the events are mutually exclusive and the probabilities
must sum to one.

Second, we tackle the probabilities conditional on v; and O; and focus on
the probability of quitting:

1

Priquitly, 0:) = T o

(7)
where v; = Y, exp (d;x)0ix. Given o, we can recover +; from Pr(quit|O;) since
Pr(quit|O;) is strictly decreasing in ;, Pr(quit|O;) is known (estimated), and
f(v) is a normal density.

Pr(quit|O;) = /Pr(quit!y, 0O,)f(v)dv :/ ! fv)ydv  (8)

v v 1 + eXP(UV)%

Third, we estimate Pr(stay|v, O;) and exploit the fact that movers and
stayers have the same distribution of v, which follows directly from ITA when
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teachers do not choose the outside good. The relative odds of taking any two
teaching jobs j and k is independent of v:

Pr(k|v;, O;)  exp (dix +ovi)  exp (du)

Pr(j|vi, O;) exp (0ij + o) exp (0ij)

Each teacher either stays, quits, or moves jobs, so we can express Pr(stay|v;, O;)
in terms of Pr(quit|y;, O;),Pr(move|O;), and Pr(stay|O;) all of which are
known:3!

Pr(move|0i)>—1

Pr(stay|v;, O;) = <1 — Pr(quitlys, Oi>) <1 " Pr(stay|Oy)

(9)
Thus, we can construct the term labeled Weight in equation 6 and obtain
the density of unobservable heterogeneity conditional on not switching jobs.
Since we never use choices between school districts, it is difficult to sep-
arately identify o, at least without relying on the functional form of the
normal distribution over v. As such, we estimate r and ¢ using an indirect
inference procedure that we discuss in section 5.7 later in the paper.

5.4 Labor Supply Quitting Regressions

Table 5 presents estimates of the quitting versus staying decision using the
likelihood given by equation 5 conditional on different values of o. The
first three columns present maximum likelihood estimates on the sample of
teachers with fewer than 15 years of experience. Column 1 corresponds to the
case where 0 = 0 and the model collapses to a binary logit. Each coefficient
estimate is significant at the .05 level and has an intuitive sign.

Column 3 corresponds to the value of o from our indirect inference proce-
dure. The marginal effects (numbers in brackets under standard deviations)
are essentially the same as those from the binary logit model (NEED TO
UPDATE THESE). Assuming 180 school days per year and two trips to
school per day, the coefficient on commute time and real salary implies a
marginal rate of substitution (MRS) between salary and commute time of
$65.50 per hour. The second column corresponds to an intermediate value
of 0. Columns 1-3 show that the implied MRS between commute time and
salary is almost the same for different values of . Column 4 shows that

3IWe use 1 = Pr(quit|ly;, O;) + Pr(staylv;, O;) + Pr(movel|v;, O;), Bayes Theorem

Pr(movel|v;, O;) = Pr(move\Oi))rl(:’igﬂmove,Oi)7 and that Pr(v|move, Q;) = Pr(v|stay, O;).
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the parameter estimates and MRS are robust to dropping teachers without
tenure, which is obtained after three years of experience. Column 5 shows
that the parameters become blunted as we expand the sample to include
teachers with more than 15 but less than 25 years of experience, likely be-
cause retirement becomes more salient in determining the decision to leave
education. Despite this, the marginal effects are roughly the same as in col-
umn 3. Column 6 adds indicators for each of the MSA’s in Pennsylvania
along with an indicator for schools not in an MSA.

5.4.1 Labor Supply Elasticities

The estimated labor supply model can be used to construct the labor supply
elasticity matrix to each school. The elasticity of supply to school district j
with respect to salary at school k is given by:

Olog(T}) 0si5(v)
ik = 8[09 (wi) Z/ ka

_ {_f Sien |, Vs ()1 = si;(v)o(v)dv if k= j, (10)

T, leN f ¢Slj Szk’(V gb(y)du if k 7é ]

Using 2017 wages and teachers from our data, we find that the labor
supply elasticities given that teachers receive offers from all schools range
between 2-3.32 Table 6 illustrates the elasticity matrix for some of the schools
in Erie and Crawford County, including charter schools. The entry in column
J and row k is equal to €;,. Notice that the cross-wage elasticities between
school districts are heavily influenced by distance, such that schools that are
farther away tend to have smaller cross-wage elasticities in magnitude. For
example, compare the cross-elasticities between S-ERI and S-MIL to those
between S-ERI and S-CON which are much further apart.>® Teachers can
also choose to switch to the outside option. The mixed logit structure is
very important: when wages rise, most of the teachers that take up offers are
coming from existing teachers at nearby schools, not from people working
in other occupations. Note that these results depend crucially on the set of

32Using a quasi-random experiment, Ransom and Sims (2010) find a labor supply elas-
ticity of 3.7 for teachers in Missouri. Other monopsony papers (e.g., Sokolova and Sorensen
(2021)) find most elasticities between 4-6 across labor markets.

33Figure 15 shows the locations of the schools.
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S-CON  S-ERI  S-MIL S-PEN C-ROB C-MON Out Opt

All Offers
S-CON 2.804 —-0.115 —-0.135 —-0.261 —0.105 —0.133 —0.033
S-ERI —0.03 2411 —-0.054 —-0.037 —0.058 —0.055  —0.008

S-MIL —-0.232 —-0.353 25337 —-0.252 —-0.355 —0.35 —0.055
S-PEN  —-0.321 -0.17 —-0.18 2592 —0.163 —0.178 —0.041
C-ROB -0.0 -0.001 -0.001 -0.001  2.28 —0.001 -0.0

C-MON  —-0.001 -0.001 —-0.001 —-0.001 —0.001  1.923 -0.0
Out Opt —1.093 —-1.054 —-1.055 —-1.083 —1.054 —1.054 2.305

Notes:  The table shows own- and cross-elasticities of a subset of schools Erie and Craw-
ford county when teachers get offers from every school district. S refers to a school dis-
trict, while C refers to a charter school. See the map in Figure 15 for the location of
the schools. Each element shows the percentage increase in teachers at the schools in the
columns willing to work after a 1% increase in the wage paid by the schools in the rows.

Table 6: Elasticities: Erie and Crawford County

job offers each teacher has. When jobs are rationed in some districts, these
relationships can break down as highlighted in Section 5.8.

5.5 Labor Demand

Each school simultaneously makes job offers O; in an effort to maximize an
objective function W (7;(0;,O_;), X;) that depends upon two inputs: the
number of teachers employed, T}, and all other educational inputs, denoted
by X, such as non-teacher staff, equipment, building, and land. The number
of teachers hired 73(0;, O_;) depends not only on the offers school j makes
but also on the offers made by competing schools, denoted by the matrix
O_;. We allow the school’s welfare function to have a Constant Elasticity of
Substitution (CES) form, which allows the elasticity of labor demand to be
somewhat flexible. Imposing the budget constraint B; = X; + w;T} yields
the problem:

max W(T;(0;,0-;), X;) = (VTj(Oja O_)f + (1 =)(B; - ijj(Oj,(’)_j)))P)
0

s.t. T3(04,0_;) = ZSij(O—j>7
i=1
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where B; is district j’s budget, w; is the cost of hiring a teacher, the price
of other goods X is normalized to one, and N is the number of teachers in
the labor market.3*

If O; < N, the district is able to hire enough teachers to meet labor
demand at the prevailing wage. In this case, the optimal number of teachers
hired equates the marginal rate of technical substitution between teachers
and other inputs to the relative price of hiring a teacher:

ow p—1
ow T
o 17\

Imposing the budget constraint and rearranging yields school j’s labor de-
mand curve:

1
1—p .
w; B;

Ty(w;) = (13)

1 P
()7 + ]

When O; < N, labor supply to the district exceeds labor demand. Then,
schools send out limited job offers. We assume that schools send out of-
fers sequentially to the closest teacher. This is an intuitive rationing rule
that is also efficient given the labor supply model. In particular, we avoid
introducing misallocation due to travel costs.

When O; = N the district cannot hire as many teachers as it would like
at the prevailing wage. In this case the benefit of hiring another teacher
exceeds the cost:

ow p—1
oT g T}
W 1-9 (Xj) wj 14

and the district makes offers to every teacher in the market so T; = Zf\il Sij-

An equilibrium in the offer game is defined by a set of offers for each
district O* such that each district’s offers O} maximizes its payoff function
given the offers made by other districts O ;. We compute the equilibrium
using best-response function iteration. The details of the algorithm 2 are
given in the appendix.®

34In practice, only teachers within 60 minutes of a school district are part of the school’s
labor market.

35 Although we cannot prove that there is a unique offer game equilibrium, starting with
different offer guesses had no significant impact on the final offer matrix. In addition, we
randomized the order of school districts and found no differences in the final offer matrix.
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We obtain a reduced form estimating equation for the labor demand pa-
rameters by log-transforming Equation 13:

1 gl
] T —log(X,;) = —— | —log(—— ] ,
og(w;T;) — log(X;) P log(1 — 7) + plog(w,)

=71 + p1 log(w;)

(15)

Table 7 presents estimates constructed by fitting Equation 15 to the data
using OLS. The independent variable, labeled teacher marginal factor cost,
is total spending on teachers over the number of teachers hired, i.e., wages
and benefits spent on the average teacher. We exclude observations from
non-unionized charter schools, since they never offer salaries high enough
for labor demand to determine hiring. Column 1 presents the results from
a simple bivariate regression. Column 2 adds year fixed effects, Column
3 includes both year and region fixed effects, and Column 4 includes year
and school district fixed effects. In each case, the coefficient on the teacher
marginal factor cost is significantly different from zero, so that Cobb-Douglas
preferences are rejected. The implied average elasticity of demand ranges
from —0.68 to —0.80, and is —0.72 in our preferred specification.

The first four columns of Table 7 present results estimated on all unionized
school districts. This is despite the fact that the first-order condition used
to derive the estimating condition holds only for districts where the wage is
high enough that labor demand determines employment. Column 5 presents
estimates of labor demand conditional on the set of schools we classify as
being on the labor demand curve given the OLS estimate of p in Column
4. First, note that of the 422 school districts only 16 were not on the labor
demand curve. Second, the parameter and elasticity estimates are essentially
unchanged.

Figure 7 presents our estimated labor supply and demand curves for the
Millcreek Township school district, which is a mid-sized school district in
Erie County. We keep wages fixed at other schools based on the data.

5.6 Wage Negotiation

The wages in our model are determined via simultaneous negotiations be-
tween each school district and the union representing teachers in that dis-
trict, with the outcome of each negotiation solving a bilateral Nash bar-
gaining problem. The bilateral bargaining outcomes must be consistent and
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Dependent Variable : Log of (1) (2) (3) (4) (5)
Teacher to non-Teacher Expen-
diture Ratio

Regression
Teacher Marginal Factor Cost 0.3230 0.4455 0.5294 0.4127 0.4585
(0.0529) (0.1458) (0.1065) ( 0.0857) ( 0.1050)

Average Demand Elasticity

€D -0.7991 -0.7287 -0.6832 -0.7472 -0.7215
Obs 4218 4218 4218 4218 4059
Year FE v v v v
Region FE v

District FE v v

Notes: We regress the log of the teacher marginal factor cost on the log of the ratio of teacher (merp - T')
to non-teacher expenditure (X) for all regular school districts in our sample. Teacher Marginal Fac-
tor Cost is determined by taking total spending on teachers and dividing it by the number of teach-
ers a school has hired. We remove non-unionized charter schools in the regression, since they hire
teachers on the labor supply rather than on their demand curve. Regression (1) is a simple ols re-
gression. Regression (2) includes year fixed effects and regression (3) includes year and region fixed
effects, where regions are defined as intermediate units. Regression (4) includes year and district
fixed effects. Finally, regression (5) only includes schools that are in the labor demand binds case.
There were 406 schools in the labor demand binds case (i.e., only 16 regular school districts were not
hiring labor on their demand curve). All standard errors are clustered at the school district level.

Table 7: CES School Production Function Estimates
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Demand and Supply for Teachers
100000

Teacher Demand
Teacher Supply

80000

60000 [

Wages

40000

20000

0 500 1000 150¢
Teachers
Notes: The graph shows the labor supply and demand curves for Millcreek Township School Dis-
trict (S-MIL) in Erie County, Pennsylvania. The demand curve comes directly from Equation 13.
The labor supply curve is determined by keeping wages and offers fixed at all other schools, while
allowing S-MIL to give offers out to everyone. Then we sum up how many teachers are willing to
work at S-MIL at each wage. Wages at other schools were kept fixed at the wages seen in the data.

Figure 7: Labor Supply and Labor Demand
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constitute a Nash equilibrium so that no district or union wants to renegoti-
ate wages given the other bargaining outcomes. Specifically, salaries are set
to maximize the generalized Nash Product conditional on other negotiated
salaries w_;:

N (wjlw-;) = [W(T; Tj))]ab(j) [T (w; — 0)]170‘b(j)
[W(T*(www—J) Bj — wJT*(wmw—J))]ab(J) (16)
(

[T (wy, w—;)(w; — TO)]l @) ,

where the parameters a;(j), 0 < a(j) < 1 determine the bargaining power of
district j. The payoff to the district is given by the school objective function
W(T,X). In the event of disagreement, the district hires no teachers and
gets a payoff of 0. The payoff to the union is the earnings of teachers in
the district T;w;.**7 In the event of disagreement, the union payoff is T}ry,
where we set 79 = 30, 000.%®

The first-order condition of the logarithm of Equation 16 with respect to
wj is:

N OW;(X;,T5) ) .
dlogN; _ (i) =5 LU= a(G) 0T (=) _ an
w; Wj(Xj, T;) T; 0w, wj—ro ‘
The derivative, 5-2, depends on whether labor demand or labor supply binds.

Rearranging thls equatlon allows the bargaining parameter to be expressed
as a function of data and our estimated labor demand and labor supply
parameters:

Wi (X5, T)(T) + (wj — o) 52t

. 8w
(j) = oW, oT; (oW, oW,
(WX TNy + (w0 = o)) = (Tt + 52 | B~ wigg, VT =
(18>

36In each negotiation, the union only puts weight on the teachers hired at the school
district with which it is negotiating. Collard-Wexler et al. (2019) show that, given this as-
sumption, a union negotiating simultaneously or sequentially leads to the same equilibrium
outcomes.

3TWe have also experimented with other union objective functions, such as wj. We
found that sensible union objective functions, in which unions prioritize high wages, lead
to similar results. The key element in the union’s objective function is to ensure that the
union cares more about wages, and the school cares more about hiring additional teachers.

38Note that this is not the same r that is the outside option wage in the labor supply.
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Notes: The figure shows the relationship between expenditure per student and the estimated bargain-
ing parameter for all schools in Pennsylvania. Charter schools have bargaining parameters equal to one.

Figure 8: Estimated Bargaining Power Parameters and School Budget

Thus, we can recover each bargaining power parameter, a,(j). We assume
non-unionized schools post wages and set their bargaining parameter to 1.

Figure 8 presents our estimates of the bargaining power parameter for
each school district on the vertical axis, and school budget per student on the
horizontal axis. The unweighted correlation between budget and bargaining
parameters is 0.027 and the weighted correlation is 0.56 when weighting by
students. The lack of strong correlation indicates that wealthy schools are
not significantly stronger bargainers than other schools. Thus, our results
are not being driven by budget or size of schools.

5.7 Indirect Inference Estimation

We estimate all but two parameters directly from the data using regressions
and first order conditions. The remaining two parameters, o and r, which
appear in the labor supply model, are estimated via indirect inference. The
parameter o governs the importance of the random coefficient v; that affects
the choice between teaching and not teaching. This should be estimated
separately from the e terms that determine how teachers choose between
schools. The parameter, r, meanwhile, is the value of the outside option
and rationalizes the proportion of teachers that choose the outside option.
Since we do not observe the salaries of teachers working outside teaching, we
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Parameter | Estimate Standard Error
o 9.4 1.75
r 258,000 25,310.52
Notes: Standard Errors computed by bootstrapping the estimates of labor supply in

Table 5 and labor demand in Table 7 and reestimating the coefficients that minimize
the criterion function (equation 19) for 50 bootstrap resamples.

Table &: Indirect Inference Estimates

estimate r through indirect inference.

We begin by estimating the model conditional on (o,r). We then form
moments of the model given M(o, r) that we use to form an indirect inference
criterion given by the usual GMM formula, that is

Qo) = (Mo, 7) - M)'W (M(o, ) — 1), (19)

where W is a weighting matrix, in particular the identity matrix. We choose
the ¢ and r that minimize Q(o, 7).

Our moments to match are the number of teachers hired and wages pre-
dicted by the model for each school district. We compute standard errors by
bootstrapping the moment matrix M at the school district level.

For computational convenience, we restrict our procedure to Erie and
Crawford Counties in Pennsylvania.

Table 8 presents the estimates of ¢ and r by indirect inference. In our
model, where the majority of teachers are employed, o primarily plays a role
in determining how difficult it becomes to hire teachers as schools go up the
supply curve (i.e., the slope of the supply curve). Higher sigmas make it
more difficult to attract teachers from the outside option. Meanwhile, the
reservation value, » which is common across all teachers, affects the level of
the supply curve. The higher the r, the more desirable is the outside option.
Although r may seem extraordinarily large for an outside option, this is
because it includes the intrinsic value of being a teacher and incorporates
switching costs that could prevent teachers from moving.

5.8 Labor Supply Elasticities with Constrained Offers

We revisit the labor supply elasticities while conditioning on the set of offers
made to teachers in equilibrium. The panel labeled Constrained Offers in
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Table 9 presents labor supply elasticities given equilibrium job offer sets.’
The top panel contains the same results as presented in Table 6 for ease of
comparison. Three observations are worth noting. First, the elasticity of
supply to each school is lower when jobs are rationed, as expected because
teachers have fewer options to switch to given a salary reduction. On average,
the own-salary elasticites are 73 percent of elasticities when schools make
offers to all teachers. Relatedly, the elasticity of the outside option with
respect to each school’s salary increases. Second, a wage change can have
no impact on supply to other schools when the teachers impacted by the
wage change do not get offers from potential substitute schools. Third,non-
unionized charter schools become closer substitutes to regular school districts
under restricted offers, since they send offers to all teachers. In equilibrium,
this allows charter schools to pay lower salaries.

6 Counterfactuals

6.1 Model Validation

Before showing counterfactual exercises, we first assess different measures of
how well our model fits the data. Table 11 presents average salary and to-
tal number of teachers hired in the data and under the model of collective
bargaining for the entire state of Pennsylvania. Our model predicts average
wages of $ 52,822 in contrast to average wages of $ 53,449 in the data. Like-
wise, our model predicts that 107,292 teachers will be hired, which is close to
the 104,748 that were actually hired in 2017. Moving beyond averages, Fig-
ure 9a plots collective bargaining wages predicted by the model against the
wages in the data. The correlation between predicted and real wages is 0.58.
Figure 9b shows that fit is substantially better for districts on the labor de-
mand curve, with a correlation coefficient of 0.86, versus schools on the labor
supply curve, where this same correlation is 0.23. When labor demand binds,
the Nash bargaining weights absorb much of the wage variation. However,
we lack this structure for schools where labor supply binds. In addition, the
model struggles to explain why districts with large free lunch shares do not

39Note that a change in wage may affect the offers a school decides to distribute. How-
ever, since the offer game is discrete, an infinitesimal increase in the wage should not
affect the offer matrix. In addition, if we allow schools to change their offers, we would be
estimating demand elasticities, rather than labor supply elasticities.
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S-CON  S-ERI S-MIL S-PEN C-ROB C-MON Out Opt

All Offers
S-CON 2.804 —-0.115 -0.135 —-0.261 —-0.105 —0.133 —0.033
S-ERI —0.03 2411 —-0.054 —-0.037 —0.058 —0.055 —0.008
S-MIL —0.232 —0.353 2.537 —0.252 —-0.355 —0.35 —0.055
S-PEN -0.321 —-0.17 —-0.18 2.592 —0.163 —0.178 —0.041
C-ROB —0.0 —0.001 -0.001 -—0.001  2.28 —0.001 -0.0
C-MON —0.001 —0.001 -0.001 —-0.001 —0.001  1.923 —0.0
Out Opt —1.093 —1.054 —1.055 —1.083 —1.054 —1.054 2.305
Constrained Offers
S-CON 0.634 0.0 0.0 —0.011 —-0.004 —0.01 —0.019
S-ERI 0.0 0.664 —0.313 —0.006 —-0.973 —0.93 —0.087
S-MIL 0.0 —0.167  0.648 0.0 —0.086 —0.098 —0.047
S-PEN —0.015 —-0.001 0.0 0.85 —-0.016 —-0.018 —0.025
C-ROB —0.001 —0.032 —0.005 —0.002 1.957 —0.318 —0.004
C-MON —0.002 —0.045 —-0.009 —0.003 —0.464  1.432 —0.006
Out Opt —1.256 —1.229 —1.257 —1.25 —1.826 —1.846 1.579

Notes: The table shows own- and cross-elasticities of a subset of schools in Erie and Crawford County.
S refers to a school district, while C refers to a charter school. See the map in Figure 15 for the
location of the schools. Each cell shows the percentage increase in teachers at the schools in the
columns willing to work after a 1% increase in the wage paid by the schools in the rows. The top
table shows the elasticities when schools give out all offers, i.e., they do not constrain their hiring.
In the bottom table, school districts can limit hiring by sending out fewer offers. Thus, changes in
wage can have zero effect on teachers, because those teachers were not getting offers to begin with.

Table 9: Unconstrained and Constrained Elasticities: Erie and Crawford
County
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‘ Labor Demand Binds Labor Supply Binds

% Hired with

Emergency Permit 0.4% 4.0%

School Districts 419 106
Notes:  The table shows the percentage of a school’s long-term teachers hired using emer-
gency permits, which are used to proxy teacher shortage level. Our model predicts that
labor demand binds in 419 school districts and charter schools, and labor supply binds
in  105. Schools where labor supply binds hire a greater percentage (6.2%) of their

long-term teachers using emergency permits than schools where labor demand binds (1.1%).

Table 10: 2017 Percent Teachers hired with Emergency Permit

pay better.*

As the number of teachers hired by a district is strongly correlated with
budgets, the model does a better job of explaining the number of teachers
hired. The correlation between the model’s prediction and actual teachers
hired is essentially 1. More interesting is that our model predicts an average
student to teacher ratio of 15.8 versus 14.9 in the data.

Schools on the labor supply curve face shortages; they would like to
hire more teachers at the prevailing wage, but cannot do so. Thus, we can
use teacher shortage data as a means to validate the model’s prediction of
whether labor supply or labor demand binds. We used data on emergency
permits for long-term positions for the year 2017, and discuss this data in
more detail in appendix A.3. Emergency permits for long-term positions can
be used as a proxy for teacher shortages since they indicate long-term posi-
tions that were filled by unqualified teachers due to a lack of supply. Schools
where labor supply binds hire 6 times more teachers using emergency permits
than schools where labor demand binds, indicating that our measurement of
binding labor supply captures much of the variation in the data of the ability
of schools to hire additional teachers.

40An attentive reader would note that the largest district in our data, which happens
to be the Philadelphia school district, over-predicts wages. One of the issues with such a
large school district, both in terms of students and geography is that the travel distance
from teacher house to centroid of the school district may over-predict true commuting
times.
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Figure 9: Model Fit
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6.2 Welfare of Collective Bargaining and Oligopsony

Our first counterfactuals address the challenge posed in section 2: we com-
pute the social planner solution and compare it to the collective bargaining
setting. We also compare the planner and collective bargaining setting to
the posted wage environment, which determines the equilibrium under pure
oligposony. Thus, we can understand how oligopsony and collective bargain-
ing individually distort the market. We will often refer to the comparison of
collective bargaining to oligopsony as a “no-union” counterfactual, since it
removes the collective bargaining function of labor unions. Such policies have
been implemented recently in the market for school teachers in the United
States, such as Wisconsin passing Act 10 in 2011 which effectively restricted
collective bargaining for Wisconsin teachers.

In the oligopsony and the social planner outcome, all teachers receive of-
fers from every school; otherwise, schools and the social planner leave welfare
on the table.*! *? This simplifies the computation of equilibrium considerably
compared to the collective bargaining solution. In addition, the oligopsony
solution is nested by Nash-in-Nash, specifically for aé’- =1 for all j.

The second through fourth rows of Table 11 present the predictions of
the model both in terms of average wages and the total number of employed
teachers, for collective bargaining, the social planner, and oligopsony with
posted wages.

We find that the planner would set average wages of $ 50,459, which is
above the oligopsony model prediction of wages of $ 42,536, or a 16% decrease

41Cons~ider the oligopsony scenario. Consider a school j that does not give an offer to
teacher, i. If this teacher would receive an offer and accept with probability S;; > €, then

the school district could hire Tj teachers by making this additional offer to 1, and lowering
wages to w; = w; — ¢ for some small ¢, and still hire 7} teachers. Thus, not making an
offer to i cannot maximize school welfare W;, which is a contradiction. The proof for the
planner problem proceeds in a similar way with the observation that there are values of
the € shock such that this teacher 7 has the highest value for a job at school j, and thus,
not offering them a job would not maximize total surplus. This is because schools do not
care about which teacher accepts a job, so higher utility of accepting a job is enough.

42Collective bargaining involves job rationing, while posted wages do not, nor does the
social planner solution. Thus workers benefit from additional potential jobs in their choice
set, which is the analogue of the product variety effect but for the labor market. We do
not attempt to quantify the welfare benefit from the expansion of the choice set in our
nested logit model, mainly because it can be difficult to obtain quantitatively sensible
estimates, that is, estimates that are not implausibly large. This is a long-standing issue
in the literature.
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in wages due to oligopsony power. Associated with this decrease in wages is a
decrease in the number of teachers from 121,875 to 118,590, or a two percent
fall. As teacher supply is fairly inelastic in terms of substitution between
teaching and the outside job rather than between schools, a 16% drop in
wages only results in a 2% change in employment. Thus, the oligopsony
distortion mostly leads to wage transfers from teachers to schools, rather
than large quantity distortions and accompanying deadweight loss. Second,
the average elasticity of teacher supply is e = 2.8, which would imply a
markdown in the monopsonist model in section 2 of 27 percent. However,
wages are not depressed by nearly this amount because labor demand is also
fairly inelastic, with a labor demand elasticity of ep = —0.72. Thus, to
understand the effect of monopsony power on wages, at least relative to the
efficient level, it is important to understand wage sensitivity on both the
supply and demand side. In addition, the wage distortion due to oligopsony
power is fairly uniform across school districts in the data.

The collective bargaining model predicts wages of $ 55,100 which is above
both the planner and the posted solutions. Collective bargaining is strong
enough to eliminate the oligopsony distortion on wages, but it introduces a
new distortion because wages are too high. Given a 23% increase in wage,
the collective bargaining model leads to 7% fewer teachers being employed,
reducing teachers from 121,000 in the planner solution to 110,656 hired teach-
ers. This is because under collective bargaining rationing of job offers occurs
in 390 out of 525 districts.

Considering the entire distribution of salaries in the two scenarios reveals
a more complete picture. Figure 10 presents the collective bargaining wages
on the vertical axis, and the posted — or no-union — wages on the horizontal
axis for all the 525 school districts in our data. The 45 degree line shows the
case where these two wages would be the same. A striking fact is that Collec-
tive Bargaining leads to increased wages at 333 schools, but decreased wages
at 194 schools. The direct effect of collective bargaining increasing wages
is simple to understand: increased bargaining power for teacher unions in-
creases wages. Thus, eliminating unions should decrease wages, since teacher
union bargaining power drops. However, eliminating unions also means that
all teachers will now receive offers, and this will make the labor market for
teachers more competitive, as was shown in Table 9 comparing labor supply
elasticities with limited offers versus unconstrained offers. Consider the set
of non-unionized charter schools who are assumed to be wage posting before
and after unions are eliminated. Figure 10 shows that banning unions raises
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the wages for all non-unionized charter schools. In other words, by banning
unions, previously unionized school districts lower wages and expand hiring
making the labor market for teachers more competitive. This pushes wages
up at rival school districts.*?

Model Average Wage Teachers Hired
Data 54,190 104,472
Collective Bargaining 55,100 110,656
Planner 50,459 121,875
Posted 42,526 118,590
Notes: ~ Average Wage over all teachers shown. Posted corresponds to the situa-

tion where employers set wages with no unions, planner to the social planner solu-
tion, where labor demand meets labor supply, and Collective Bargaining to the sit-
uation  where school districts and teacher unions bargain collectively over  wages.

Table 11: Welfare, Collective Bargaining and Oligopsony Distortion

Collective bargaining substantially changes the distribution of wages. The
posted wage equilibrium and planner problem have highly correlated pre-
dicted wages, with a correlation coefficient of 0.99. Wages would be higher
at both charter schools and schools that have a substantial fraction of poor
students as measured by the free lunch share. Wages compensate teachers
for lower amenity value at these schools. In contrast, in both the data and
the collective bargaining model, we do not observe a positive correlation be-
tween the school level factors that induce teachers to quit in Table 5 and
wages. Instead, the collective bargaining model rationalizes this pattern by
assigning high bargaining power to schools that pay relatively low wages.

6.3 State Level Wage Setting

Many states determine teacher compensation by setting a flat wage schedule
for the entire state, rather than having local school districts decide on teacher

43Tn a oligopsony with logit teacher preferences, wages are strategic complements, that
is, raising the wage at one school district raises wages at rival school districts. This
follows from, for instance, Caplin and Nalebuff (1991). Thus, it is likely (but not strictly
a theorem in a BLP context), that oligopsony with a mixed logit also yields strategic
complementarity. In contrast, if all schools were on the labor demand curve, then wages
are likely (but again this is not a theorem given the random coefficients on distance) to
be strategic substitutes. If a school raises wages, then that school will hire fewer teachers.
This expands labor supply at rival schools leading to lower wages.
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compensation. For example, North Carolina paid a base salary of $41,870
in 2023-2024 for all teachers in the public school system with a bachelor’s
degree and three years of experience, including charter schools, along with
some adjustments for the local cost of living.** Statewide wage posting clearly
enhances the monopsony power of schools because it internalizes spillovers
between employers. We find, however, that state-level wage schedules gen-
erate inequality between schools, since many schools struggle to hire enough
teachers when they cannot differentiate themselves with higher wages.

To assess the effect of statewide wage posting, we endow the state agency
with an objective function that aggregates the welfare of individual school
districts.®> We consider a state regulator that sets a state-level wage w, and
allocates budgets B; to each school district to minimize total expenditures
(22, Bj), subject to the constraint that school districts are no worse off than
under an initial wage w? and budget B?. That is, budgets are adjusted to
keep each district’s welfare constant at its initial level, consistent with the
concept of compensating variation. This can be thought of as a Pareto con-
straint at the school district level when setting state wages w. Section C.10
in the appendix provides further details on our method.

We initially examine a simplified market that clearly shows the mech-
anisms at play when setting a state-level wage. We then show state-level
wage results for the State of Pennsylvania. In particular, a state wage: a)
allows the state to internalize wage externalities between school districts and
thereby depresses wages, but b) when significant school heterogeneity exists,
an equalized state wage cannot provide compensating wage variation, which
leads to inefficiency. We begin by analyzing a market with identical schools.

6.3.1 Identical School Districts

We consider a simplified market with 10 identical schools and 500 identical
teachers and present the entire calibration in Table 19 in Appendix C.10.
Both schools and teachers are in the same location. All schools have a bud-
get of $750,000 and the same school-level characteristics, so that each school
yields identical mean utility to teachers d;;. Table 12a shows that the posted

4https: //www.dpi.nc.gov/documents/fbs /resources /salaryschedule2324hb259pdf/
download?attachment Accessed October 1, 2025, Table 1.

45Tn the case of a private firm, it would be straightforward to simply consider joint profit
maximization. Since school districts do not maximize profit, we must take a different
approach.
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wage would be $§ 53,247 for each school. The state-level wage that minimizes
the total spending of all school districts is substantially lower at $ 22,000.
This would reduce the spending on schools by 7.2 percent, which is substan-
tial given that Table 2 showed that schools spend a third of their budget on
teachers. The state has a lot of monopsony power because most of the diver-
sion of teachers when wages fall is to other school districts, rather than to
the outside option, as was shown in the elasticity matrix in Table 6. Indeed,
the number of teachers only falls by 1.7 % between the posted and state wage
setting outcomes even though wages have dropped by almost 50%.

6.3.2 Nine Identical School Districts, One Charter School

Additional complications arise when we move to a setting with differentiated
teachers and schools so that teachers have varying willingness to work at
different schools. When a school is particularly unattractive, perhaps due
to its remote location, charter status, or high free lunch share, a flat state
wage precludes the school from offering higher wages to compensate for the
lack of amenities leading to a precipitous drop in teachers hired. Returning
to our simple example, we assign charter status to the last school, while
the remaining nine schools are unchanged. The average posted wages would
then be $ 53,549 (versus $53,247 before), but the wages of the charter school
would be $ 68,320. If the state imposed a flat wage across all school districts,
the wage that would minimize expenditures, again subject to the constraint
that no school district is worse off, would be a state wage of $ 70,000 which
is far above the level of posted wages.*® In addition, the state would need to
spend 6.3 percent more to implement such a policy relative to posted wages.
Heterogeneity in school amenity values makes uniform wage policies difficult
to implement, unless the state is willing to accept welfare losses at some
schools to lower wages.

6.3.3 Pennsylvania School Districts

Schools in Pennsylvania have significant heterogeneity in amenity values,
making it difficult for the state to exploit its monopsony power under the
constraint of keeping all schools just as well off as before. We focus our
analysis on the greater State College Region in Pennsylvania and present

46A high wage makes non-charter schools hire fewer teachers, increasing the residual
labor supply from which the charter school can hire.

48



Symmetric Schools One Charter
Average Posted Wage 53,247 53,549
Charter Posted Wage . 68,320
State Wage 22,000 70,000
Change in State Budget -7.2% 6.3 %
Change in Number of Teachers -2% -17%

Notes: The table shows a simulated region with 10 school districts and 1000 teachers, all of which are in
the same location. In column 1 all schools are regular school districts, while in column 2, one school is a
charter school. State Wages denote the budget minimizing uniform state wage where the starting point
is the posted wage equilibrium.

(a) State Wage Setting for Case Study Market

Average Posted Wage 34,441
State Wage 57,000
Change in State Budget | 14.8%

Notes: The table shows the state college region. State Wages denote the budget minimizing uniform state
wage where the starting point is the posted wage equilibrium.

(b) State Wage Setting for State College

results in Table 12b. We choose as a starting point the wages and hiring
outcomes from the posted wage outcome. The optimal state wage would
be set to $ 57,000 and would increase spending by 14.8%. Thus, while state
wage setting could lower wages due to the ability to coordinate wages between
districts, it is not effective in areas with significant heterogeneity across school
districts. As such, there is little benefit, at least with the type of Pareto
constraint we impose, in having uniform wage setting at the state level.
Indeed, states that impose uniform wage schedules tend to allow schools with
hiring difficulties to set wages higher, which could be one way to balance these
incentives.*”

6.4 Minimum Wage

In this counterfactual, we consider how a minimum wage for teachers across
the state of Pennsylvania would affect the equilibrium allocation of teachers.
In particular, we ban unions but allow the state to set a minimum wage for

47North Carolina, for example, allows schools to provide a hiring bonus if they are having
trouble hiring.
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all schools, which is the policy in 9 states.®® We find that minimum wages
can raise wages to the social planner level; however, they cannot achieve
social planner hiring due to inefficiencies at the minimum wage constraint.*’

Consider a school that finds the minimum wage binding. Too many teach-
ers want to work at the school, i.e., labor demand is below labor supply.
Thus, the school will implement the rationing rule and offer fewer jobs than
it would in the wage posting setting. Thus, wages increase, but rationing
leads to lower equilibrium values of teachers hired. In our counterfactual, we
allow schools where minimum wage binds to play the same offer game that
they do with collective bargaining.

Figure 11 shows the equilibrium points of various minimum wage policies
that range from $25,000 to $60,000 in $5,000 increments. Panel 11a shows
how changing the minimum wage on the horizontal axis increases the share
of schools where labor demand binds. For instance, at a wage of $40,000,
65 percent of schools have binding labor demand. Panel 11b presents the
average wage and number of teachers hired for the state as the minimum wage
increases. As minimum wages increase, so do average wages; for example, at
a minimum wage of $40,000, the average wage would be $47,000. Equilibrium
employment, meanwhile, first increases and then decreases in minimum wage
as schools shift from hiring on the labor supply curve to the labor demand
curve.

Importantly, minimum wages can increase wages to the social planner
level, but employment is always substantially below the social planner out-
come. This occurs because attractive schools, that could hire enough teachers
at lower wages, respond to higher wages by rationing jobs.

48Source: l1tt])s://\\'X\'&\'.n(}‘[q.(,)1‘g/1‘osoz1‘1‘<;ll—insigllts/stut()— of-the-states-2022-teacher-compensation-strategies/.
490f course, the social planner solution could be implemented if the state could set

a unique minimum wage for each school district. The state would set the school level

minimum wage w; = wj to the social efficient wage. The complication with setting

minimum wages has to do with having a single wage floor for the entire state.
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7 Conclusion

Many labor markets are characterized by a few dominant firms, that can be
represented using a model of oligopsony power. This power is exacerbated in
the public sector labor market for the simple reason that the government is
the sole employer. In response, the public sector has the highest percentage
of workers represented by unions in the American economy. This pattern also
holds in other countries such as Canada where 77% of public sector workers
are unionized."

We find the potential for substantial monopsony power in the market for
public school teachers in Pennsylvania, with wages under a pure wage posting
arrangement 16 percent below the social planner solution on average. How-
ever, collective bargaining allows public teachers to have countervailing power
that pushes their wages 23 percent higher on average than in the oligopsony
scenario, which is even higher than wages under the social planner. Thus, we
find that collective bargaining not only corrects the distortions from oligop-
sony, but introduces an upward distortion in wages. The effect of collective
bargaining, however, depends crucially on bargaining power. Where bargain-
ing power is too strong, collective bargaining adds an additional distortion
that pushes wages too high. In particular, there is a vector of bargaining pa-
rameters between 0 and 1 that would lead to the socially optimal equilibrium.
In the schoolteacher environment, the union’s bargaining power seems almost
optimal since the collective bargaining wages match the planner wages.

Much of the wage differences that we find are not about greater or lower
monopsony power, but instead about the ability to negotiate higher or lower
wages. Moreover, raising wages, say due to a higher bargaining power pa-
rameter, has ambiguous effects on workers, since either labor supply or labor
demand might be binding. In particular, newly unemployed workers might
put downward pressure on wages at rival school districts. More vexing is
the implication that extrapolation from existing empirical studies on the im-
pact of unions on wages might be quite difficult since it would need to be
conditioned on which side of the market is binding.

Furthermore, we show that other policies such as statewide uniform wage
setting, have the potential for depressing wages due to greater employer con-
solidation are offset by having to make sure relatively undesirable school

50See Statistics Canada. Tablel4-10-0132-01https://doi.org/10.25318/1410013201-eng
Union status by industry.
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Table 14-10-0132-01

districts can retain teachers.

Overall, this paper highlights the challenges of predicting the effect of
policies in the labor market when oligopsony power and unions are present,
especially when complex externalities between employers are taken into ac-
count.
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A Data Construction

A.1 Potential Teachers

Unfortunately, we do not have data on the number of teachers who are qual-
ified, but not teaching. We refer to this group as the potential teachers.
Instead, we use data on certifications and the number of teachers who leave
the profession to estimate the number of non-teachers. We do our analysis
by region since the exit rate is variable across regions. We find that the
potential teachers make up between 22% to 36% of total teachers depending
on the region. After calculating the number of total teachers in each region,
we assign addresses to these teachers by sampling with replacement from our
address dataset.

A.1.1 Calculating the Share of Potential Teachers

There are two types of non-teachers. There are teachers who get certified
and never teach and there are teachers who exit teaching. We use both of
these groups.

Certifications/New Teachers: The state of Pennsylvania publishes
data on the number of people who have received teacher certificates from
2010 to the present.’!

Teachers need an Instructional I certificate to practice as teachers.’? Once
received, it lasts for 6 years. Generally, teachers would apply for an Instruc-
tional II certificate soon after they receive their Instructional I certificate.
The number of Instructional I certificates issued is a useful proxy for how
many new teachers are qualified to work in Pennsylvania and have put in
effort to pursue a teaching career. Even though certificates are valid for 6
years, we assume that after 3 years a teacher who does not teach will never
teach and has exited the potential pool.

Next, we find the number of teachers who entered the teacher dataset for
the first time and have years of experience equal to one. By subtracting the
number of starting teachers from the number of newly licensed teachers, we

S1Data were downloaded from https://www.pa.gov/agencies/education/
data-and-reporting/school-staff /educator-preparation-and-certification /
act-82-of-2018-report-on-educator-preparation-and-certification.

52Some teachers can get emergency permits to teach due to shortages. We ignore these
permits.
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Region ‘ Actual Certificate Exiters Total‘ Model

Philadelphia | 36,107 3,752 16,673 56,532 | 32,605
Pittsburgh 19,717 2,049 4562 26,328 | 16,487
Harrisburg 18,587 1,931 5,305 25823 | 17,514
NW 11,194 1,163 2,362 14,719 | 9,422
NE 11,094 1,153 1,983 14,230 | 9,593
State College | 7,265 755 1,711 9,731 | 6,292
Allentown 15,177 1,577 3,789 20,543 | 12,559
Total | 119,141 12,380 36,385 167,906 | 104,472

Notes: The table shows the number of teachers and the potential teachers by region. Ac-
tual represents the number of teachers in each region in our teacher dataset. Certificates rep-
resents the number of teachers who have been certified but are not teaching. Exiters repre-
sents the number of teachers who have exited and have less than 20 years of experience in ed-
ucation. Total sums actual certificate and exiters to get the total number of qualified teach-
ers in each region. Finally, the model has the number of teachers at in sample schools.

Table 13: Potential Teachers by Region

can get a value of the number of teachers in each year who are licensed, but
not teaching. In 2017, this adds 12,380 potential teachers. We allocate these
teachers proportionally across region since our certification data is not region
specific.

Exiting Teachers: Next, we consider exiting teachers, i.e., teachers
who have quit teaching or taken a gap year. To avoid counting retirees as
part of the pool, we restrict our sample of exiting teachers to those with
less than 20 years of experience in education. We assume that after 4 years
out of the labor market, a teacher who permanently exits will not return to
teaching.

For each year beginning in 2013, we calculate the number of teachers
who permanently exit and have less than 20 years of experience. We also
add teachers who have taken a gap year. Table 13 shows the number of
teachers in our teacher dataset as well as the number of potential teachers
that are added.

We believe our potential teacher numbers match well to other statistics.
The number of Pennsylvania private school teachers in 2017 was 23,630,
which is about half of our non-teachers.”® In addition, the Bureau of Labor

53https://nces.ed.gov/surveys/pss/tables1314.asp
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Statistics says that the number of teachers in Pennsylvania is 152,980.%*

A.1.2 Potential Teachers in the Model

For the structural model, we need to add potential teachers to our teacher
data. In the model, teachers enter as addresses. We have 151,539 unique
teacher addresses that were collected from InfoUSA. These addresses include
any unique address where a teacher has lived between 2010-2021.

We sample with replacement from our teacher address database by region

until we reach the total number of teachers desired, i.e., column ”Total” in
22

A.2 InfoUSA Teacher Matching

We use InfoUSA data from 2009-2023 that includes names and addresses
of people living in Pennsylvania. InfoUSA compiled this data from public
sources, voter registration data, utility company data, and real estate data.
We match our public school data to the Infousa data using exact name and
year. About 22% of the sample had no match, 32.9% of the sample had a
unique match, and 45.1% had multiple matches. We only include unique
matches and make the assumption that teachers with unique names do not
have residential patterns that are very different from their peers.

Table 14 shows summary statistics across the three match possibilities.
Teachers that were matched once or multiple times have very similar statis-
tics. However, there seems to be selection for teachers who were not matched.
These teachers tend to have less experience, lower pay, and are more likely
to work for charter schools.

A.3 Teacher Shortages

When the labor supply curve binds, school districts want to hire more teach-
ers at the negotiated wage but not enough teachers want to work for them.
Thus, we would expect school districts where labor supply binds to report
shortages. We collected various shortage measures to evaluate the ability

S4https://web.archive.org/web/20250129185820 /https: //www.bls.gov /oes/tables.htm.
This number includes elementary, middle, and secondary school teachers, along with
special education teachers and career technical education teachers. We do not include
preschool teachers.
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‘ Unique None Multiple

Percent Female 0.79 0.84 0.66

( 0.40) (0.37) (0.47)

Percent White 0.95 0.91 0.95

(0.22) (0.28) (0.21)

Percent w/ Masters 0.59 0.48 0.57

(0.49) (0.50) (0.50)

Avg Years in Education 14.24 10.84 14.40

(8.30) ( 8.40) (8.43)

Charter Schools 0.06 0.12 0.06

(10.24) (0.32) (10.24)

Average Wage 69,849.90 62,936.39 69,871.95

(17,481.44) (17,196.92) ( 17,329.97)

Obs 42,664 16,859 99,618
Notes: The table shows summary statistics for teachers who were matched
once, not at all, or more than once to the InfoUSA data in  2017.

Table 14: 2017 Statistics Of Teachers Matched to InfoUSA

of the model to correctly identify school districts where labor supply binds.
Using data from the 2017-2018 school year (which we used to calibrate the
model), we show that the school districts where labor supply binds according
to our model, are significantly more likely to have a shortage. 5°

Our preferred measure of shortages comes from emergency permit data,
which can be used as a proxy for shortages.”® Emergency permits allow teach-
ers without the proper certifications to teach at schools. The Pennsylvania
Department of Education issues these if “An emergency permit is issued by
the Department upon the request of an employing public school entity (LEA)
when a position has been advertised and no fully qualified and properly cer-

5%Vacancy data from 2024-2025 exists, but it was not collected in earlier years.
If we assume that shortages are stable over time, then the vacancy data also sup-
ports our model. Schools with labor supply binding are more likely to have vacancies
than those without. Data available at: https://ceepablog.wordpress.com/2025/03/28/
teacher-shortages-examining-pennsylvania-teacher-vacancies-in2023-24-and-2024-25/

56 Accessed: Accessed  September 12, 2025 https://www.pa.gov/agencies/
education/data-and-reporting/school-staff/educator-preparation-and-certification. html#
accordion-43b97ca7af-item-61eeb6dfb7
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‘ LD Bind LS Bind
Shortage |  0.4% 4.0%
Number 419 106

Notes: The table determines the average percentage of teachers hired at a school using an emer-
gency permit in 2017-18, which is a proxy for a teacher shortage (weighted by teachers). Our
model predicted that 419 schools were bound by labor demand, whereas 106 schools had labor sup-
ply binding. The table indicates that schools where labor supply binds hired almost 8 times more
teachers using emergency permits than those where are model predicted that labor demand binds.

Table 15: Percent Teachers hired with Emergency Permits

| LD Bind LS Bind
Shortage |  6.5% 28.6%

Number 418 7
Notes: Using 2017-2019 data from the US Department of Education, we characterize school
districts into whether there is a teacher shortage area or not. The table shows that

schools where labor supply binds are much more likely to be in a teacher shortage area,
than those where labor demand binds. We did not include charter schools for this result.

Table 16: Teacher Shortage Areas

tificated applicant is available”®”. They are used primarily at schools that

struggle to hire teachers. The number of emergency permits, therefore, tells
us how many substitutes and under-qualified teachers school districts have
hired in each year. In particular, we focused on teachers hired for long-term
positions either with or without educational obligations. The 2017-2018 data
demonstrates that schools where labor supply binds are more likely to have
shortages. They hire 6 times more teachers via emergency permits, than
schools where labor demand binds.

Next, we looked at data on teacher shortage areas from the US Depart-
ment of Education.”® This dataset designates shortage areas at the school
district level, intermediate unit level, and state level. We only use the school
district level data, since the data does not have good coverage of charter
schools. As shown in Table 18, 40% of school districts where labor supply
binds are considered to be in a shortage area on average for the years 2017-
2019, while only 5.8% of schools where labor demand binds have shortages.

57See https://www.pa.gov/agencies/education/programs-and-services/educators/
certification/current-pa-educators/emergency-permits, Accessed September 12, 2025
58 Available at: https://tsa.ed.gov/# /reports.
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B Proofs and Derivations

B.1 Nash Bargaining Derivations

B.2 Union utility function: w*T
The problem is:

1—a;

max (W;(X;,15))” (Ty(ws = 1))
wy
s. t. Bj = ij}‘ —f-XJ

Let’s starting by transforming the problem into logs:

a;log (W (X;, 1)) + (1 = a)log (1) + (1 = a;)log (w; — r)

FOC:
OW;(X;,TY)

o (=0 0Ty (1-ay)
Wi (X5, T5) T, Ow,  wj—r
We use the same trick as above and use:
ow. 9T, rOW,; oW,
B ACALE: J[ i (% k:—]]
m=(hTigy a0, lar, ~ ket hws) gy |
Then we have:
a;m 1 1 07;
— 1—a; — =0
W;(X;,T5) I %)[wj—TJrTjawj]
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Solving step by step to get a’s:

a;m 1 1 07}
e e G -
Wi(X;,Tj) ( a])[wj—7“+Tja’wj]’
a;m (1 )7}+(wj—7“)37T§
- 4 @ - — s
W;(X;, 1)) T (wy— )
oT:
aymTi(w; —r) = —(1 — ay)W;(X;, Tj)(T; + (w; — T)a_wj»)’
J
oT; oT;
aymTy(w; — 1) — oy Wi( X5, Ty) (T + (w; — T>%) = —W;(X;, T)(T + (w; — T)%)’
J J
aT; aT;
aj(mTy(w; —r) = Wi (X, Tj) (T + (w; — T)aT)) = WX, T)(T; + (w; — T)%>7
J J
=W (X5, Ti)(Ty + (w; — 1) 5.%)
o; = ENE)
T omT(w; — ) = WX, TH)(T5 + (w; — 7“)3—5;)
Wi( X5, Ty) (T + (w; —T)%)
o = - )
T WX T+ (wy — 1) g2) — mT(w; — )
W (X5, T)(Ty + (w; — ) 52)
Q= oW,  OT; [OW,; oW
(X. T. . 9Ty Al J J _ NS
(W35 T + (= ) 580) = (kT G + S [ = (bt ) S

(20)

B.3 Selection Correction for Labor Supply

Each teacher’s utility from accepting a job offer in public education has
a common component v; that follows a N(0,1) distribution. We estimate
preferences over job attributes by maximing the likeihood of quitting instead
of keeping the current job, which is given by Equation ?7. In order to
construct this likelihood function, we must integrate over the distribution of
v conditional on quitting, ¢; = 1, or keeping the current job and not quitting,
¢; = 0. However, the distribution of v conditional on not switching jobs will
not be N (0, 1), as individuals who switch jobs will tend to have higher values
of v; than
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C Code Appendix

C.1 Labor Supply

The labor supply function si;(w, ©), where w = {w;}7_,, and O = {0;;¥i, j}
is given by the following share:

. / 045 exp(Yw; + 4 — Tdij; + ov) o)y
i v exp(r) + ZZZl o exp(Yw; + 258 — 7di; + ov) 1)
i 0ij exp(Yw; + 2B — 7dij + ovy)
= W,

n=1 exp(r> + 22:1 Oik eXp(w(A}j + .T;,B — Tdij -+ O'Vn)

where w,, are Gaussian Quadrature weights, and v,, are Gaussian Quadra-
ture nodes.

It will also be convenient to define the unconstrained offer supply function
given by s;;(w), which is just the supply function if all workers get offers,
that is O such that o;; = 1 for all ¢ and j.*

The firm makes offers to the closest workers first. Thus, there is an
ordering of workers ¢(j) = {i1,i2, - ,i7} where ¢(j)s5, say, is the worker i
that is the fifth closest to school j and receives the fifth offer.

Labor Supply is thus L (w, 0—;) = 37/ 8.5 (W, (0575 = L, Ou,—))-
Labor supply if all firms post wages, i.e. everyone gets an offer, is just

L}S(W) = Zle sij(W).

C.2 Labor Demand
Labor Demand LP(wj;) is given by:

w!™ ' B,
LP(w) = — 2 (22)
()" +ul”
The elasticity of labor demand is given by:
dlog(LP) 1 LrwT
o) 2k . (23)

dlog(w;)  p—1 ()7 T 4 wot
—

59We restrict offers to teachers within a 60-minute commute.
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C.3 Offer Game

To hire L?(w;) workers, the firm needs to make offers to more than L”
workers, since some of these workers will choose to work at another school
district, or pick the outside option. The school will offer jobs in sequence,
and 7(j) is the last worker that is offered a job.

Define the best-response offer from school j as O;(w,O_;). Pick 7;(w)
such that

7j(w)
LY (w;) = Y suii (W (075 = 1, Oy —5)- (24)
oi)=1

In practice, we use the following algorithm in Algorithm 1 below.

Algorithm 1 Offer Best-Response

1: procedure BEST-RESPONSE OFFER(O;(w,O_;))
2 1=20

3 Ly = LP(w;).

4: T; =0

5 whileTjSL; ort <] do

6 r=1+1

7 Update offer matrix O;; = 1.

8 T =T + 51,4 (w, O)

9: end while

10: return O,

11: end procedure

An equilibrium of this offer game is an offer matrix O* such that offers
are a best response, given the offers sent by other schools. That is O} =
Oj(w, 0 ;) for all j.

In practice our offer game algorithm does the following in Algorithm 2.

C.4 Fringe Benefits

A school’s cost of hiring a teacher is not just a wage, but also includes
benefits. In our model, we set the cost of a teacher equal to wages plus a
fringe benefit. In practice, we ran a regression of the average wage on the
marginal cost of a teacher (expenditure on teachers divided by the number
of teachers hired). Table 17
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Algorithm 2 Offer Game

1: procedure OFFER GAME(O(w))
2: Start with initial offers sent to 7; = L”(w;) so that O;; = 1 for all j
and for ¢ <7 .

3: k = 0 (iteration counter).

4:  while |0* - 0O >0do

5: Update iteration counter k = k + 1

6: for j=1,---,J do

7: Compute Best-Response for j: O} = O;(w, O]ij)
8: Update offer matrix for that school: (’);-c = 0;

9: end for

10: end while

11: return O

12: end procedure

District Cost Per Teacher | (1) (2)
Average wage 1.486 1.420
(0.030)  (0.037)
Constant 9022.611 5908.939
(2527.594) (2740.366)
Observations | 531.0 5230.0

Notes: The table shows the regression of average wage on the marginal cost of a teacher.
This regression allows us to estimate the fringe benefits from the wage. Column (1) shows
the regression for just the year 2017. Column (2) shows the regression for all years with
school and year fixed effects. Standard errors are clustered at the school district level.

Table 17: Fringe Benefits
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C.5 Planner Solution

The planner solution is simply the wage vector w such that labor supply and
labor demand intersect. Define excess supply (excess demand) as &;(w) =
Lg(w) — LP(w). Thus, the planner solution w* is such that & (w*) = 0 for
all j.

In practice, we define the vector function {(w) = , and look

§r(w)

for the zero of this vector function using a root finding algorithm.

C.6 Posted Prices Solution

For the posted price solution, each school district sets its marginal rate of
technical substitution for teachers equal to its marginal factor cost:

ow p—1

or _ 1 (TJ) (14

Sr=——(3") =wl+). (25)
G 17\ ’ €

We can define £/°(w) = MRS; — w;(1+ L). Thus, the posted solution
J
w* is such that £'(w*) = 0 for all j.
In practice, we use a best-response algorithm. Schools make wage deci-

sions holding other school wages fixed. We iterate until we reach convergence
where £¢(w*) = 0 for all j.

C.7 Nash-in-Nash Bargaining

For the Nash-in-Nash Bargaining solution, we first define how to find the wage
that maximizes the Nash-Product. Find w; = w}?(w_;) which maximizes
N (Bt ) o
Take the first-order condition of the Nash Product given by % =
J
0. Define the FOC &VB(w;|lw_;) == %’ and we find w}?(w_;) such that
VP (wPlw_j) = 0.
A Nash-in-Nash equilibrium is defined as a vector of wages w" " such
that all schools j € J are choosing wages that maximize their Nash Product
given the wages of other schools, that is wj»VN = wNB(W]_V;V) for all j € J.

J
Again, in practice we use the following algorithm 3

NN
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Algorithm 3 Nash-in-Nash Bargaining

1: procedure NASH-IN-NASH BARGAIN(w)
2 Start with inital wage guess w’ = {w)}/_;.
3 Iteration Counter k = 0.
4: while |[w* — w*"!| > ¢ do
5: for j=1,---,J do
. , ONG (wh|wk ) .. .
6 Find w} such that ———= = 0. > This is a root finding
J
exercise in one dimension.

. k _ .,/
7 Update wj = w;
8: end for
9: end while
10: return w

11: end procedure

C.8 Parallel Implementation

Given there are 525 schools and 113,242 teachers in teaching jobs, we need
to find a way to speed up the computation of the Nash-in-Nash equilibrium,
which otherwise can take over a month to compute. To do this we use the
julia distributed.jl package along with SlurmClusterManagers.jl to run the
for loops in parallel across 512 nodes on the Duke DCC compute cluster.
This is done by making school level choices run in parallel for both planner,
poster, and Nash Bargaining solutions, holding the choices of other schools
implicitely fixed.

C.9 Partition Analysis

Even with parallel implementation, the Nash Bargaining computation would
take a month to run. Instead, we run our analysis using a partition of
Pennsylvania into separate labor markets. We choose seven regions composed
of groups of counties. We pick county borders to minimize school district
interactions across borders, that is borders where there were fewer school
districts directly next to each other across the border. We wanted each region
to have less than 100 schools to aid computation, the exception being the
Philadelphia Area. Figure 12 shows how we partition Pennsylvania. Using
this method, computing the Nash Bargaining solution goes from a month if
we pick the market to be the State of Pennsylvania to 2 days with a seven
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Penn Pl Wage Partition Pl Wage ‘ Penn Po Wage Partition Po Wage

48,427.72 48,907.63 40,339.61 40,785.36
(120,013.99) (20,028.02) | (20,203.36) (120,242.74)
Notes: ~ We ran the planner and posted counterfactuals for the whole state of Penn-
sylvania and also using the partition method. The results here show that the par-

tition methodology produces similar results as the entire state of Pennsylvania.

Table 18: Partition Comparison

market partition.

As our counterfactuals for the Planner and Posted outcomes for the entire
state only take a couple of hours, versus a month for the Nash Bargaining
solution, we can compare how the partition performs relative to the whole
state. We find that the wages are quite similar for the seven market partition
versus the whole state analysis as shown in Table 18. We find that wages are
somewhat different around border regions, as would be expected. However,
these differences average out when we consider the whole state.

C.10 State-Level Wage Setting

To assess the effect of such a statewide wage posting, we need to endow the
state agency with an objective function. In general, when looking at the
effects of consolidation we would simply add up firm profits, but this is not
possible in our setting since the school district objective functions are not in
comparable units. Instead, we rely on compensating variation. Consider the
indirect utility function Vj(wj, B;) = maxr,<s s, w;) W(w; Ty, Bj — w;Tj),
or the maximum utility that a school district achieves given a wage wj,
budget Bj;, and the labor supply constraint. Given a wage w] and bud-
get BY?, the compensating variation for movement to a wage w’ would be
the budget change B’ — Bf that yields the same indirect utility. That is,
we want BV (w’) such that Vj(w?, B?) = Vj(w', B®Y). Note that because
of externalities between school districts operating on competing offers, we
are actually looking for a market equilibrium in terms of this compensating
variation. Consider the vector of wages W = {wy,ws, -+ ,w;} and budgets
B = {By,B,,--- ,B;}. We find a vector of BV = {BV BSV ... BV}
such that given the wage change to @’ we have:

1. V;(&, B) = Maxy, <y s, (w;w_;,0_;) W(w;Tj, Bj—w;T;), where the choice
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Pennsylvania: Teachers, School Districts, and Charter Schools
Dunkirk
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(C) OpenStreetMap contributors

Figure 12: Pennsylvania Partition

Notes: The map depicts teacher locations and school locations in Pennsylvania. It also shows the seven
regions that we used to partition Pennsylvania when we compute Nash Bargaining for the whole state.
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Parameter Value

Number of Schools 10
Number of Teachers 500
Budget per school 750,000
Mean 0; for Regular School ~ 10.0
Mean ¢; for Charter 9.0

Note: All other parameters are those used in the body of the paper.

Table 19: Parameters for Identical Schools

of T; also defines an offer set O;. This is the equilibrium of the labor
demand system in section 5.5 with a new set of wages and budgets.

2. B such that V;(@°, B°) = V;(a@, BV ) for j =1,--- , J.

The state budget is given by B = > i B;. Suppose then that the state
agency chooses a state wage w to minimize total expenditures subject to the
constraint that no school is worse off under this allocation.®® That is:

wmin Z BSY (w). (26)

C.11 Identical School District Simulation

For the simulation of identical school districts we use the following calibra-
tion:

D Monte-Carlo

In this section, we perform a Monte-Carlo to assess the the quitting regression
used to estimate labor supply.

The data generating process is the following. First, offers o;; are sent out
using the following:

05 = (0 + 11wj + Vadij + v3¢j + Yafj + €§; > 0) (27)

60Clearly this exercise depends on the exact starting point to compute compensating
variation. We show the results with starting points at the real, planner, posted, and
bargaining solutions
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Offer Parameters

Low Switching

High Switching

Yo -1 20
" -0.00001 -0.00001
Yo -0.04 -0.04
Implied Move Rate 4% 80%
Utility Parameters

By 3 3

B4 0.00005 0.00005
Ba -0.01 -0.01
Jo -0.5 -0.5
Ba -1.2 -1.2
o 13 13

Table 20: Parameters for Monte-Carlo

where €, ~ N(0,1). This is simply a probit like model to generate offers,
that may or may not be correlated with the covariates we are using. For one
of the options, called the stay option, teachers receive an offer with certainty,
thus, o;; if j is teacher ¢’s stay school. As well, all teachers receive the outside
option with certainty. Thus, the stay and quit decisions are always in the
offer set.

Second, we generate utilities for teachers given by:

ui; = Po + frw; + Padij + Bsc; + Paf + ovi + €, (28)

where ¢;; are logit draws and v; ~ N(0,1), ¢ designates charter schools, f
the free lunch share.

Third, agents choose the highest u;; among the offers o;;, for us to get
Ji = jstau; > u k.

We use the parameters in Table 20, where the utility parameters, i.e. the
[’s, are chosen to mimic our empirical results, while the offer parameters are
more arbitrary, and are mainly targeted to get a specific move rate, either
close to the data at around 3 percent, or a much higher rate around 70 or 80
percent to illustrate how higher move rates would cause different problems.

We show the distribution of v, conditional on teachers choosing to stay in
their current job or quit the teaching profession in Figure 13, plotted in blue,
while the normal distribution, i.e. the unselected distribution, is plotted in
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Figure 13: Selection on v

red. Panel a) shows the case with a 5 percent move rate, which matches the
empirically observed move rate in our data, and Panel b) shows an 80 percent
move rate. The distributions in panel a) are very hard to distinguish, and
indeed, accounting for selection will make little difference in our estimates.
In panel b, the selected distribution of v is quite different from the unselected
one, in particular, since we lose a lot of mass in the upper tail since we take
out the movers who tend to have higher taste to work in public education.

Table 21 presents results from our Monte-Carlo. Column 1 shows the
issue with a high move rate of 80 percent and ¢ = 13. Column 2 simply
shows the case where o = 0, where selection on v is not an issue. Column 3
present the case where o = 13, but there are no moves. Column 4 presents
o = 8 and a low move rate of 5 percent, which is above what we see in the
data. Column 5 presents ¢ = 13 and a low move rate of 5 percent, which
is above what we see in the data. Column 6 present our selection correction
for the same specifications as column 5.

All columns except for column 1 correctly estimates the parameters as
expected.
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e (1) @ () @ () (©
Parameters
o 13 0 13 8 13 13
Move Rate 0% 80% 0% 4% 4% 4%
Selection Correction X
Estimate
Wage 0.50 0.26 0.50 0.52 0.49 0.51 0.52
(0.60) (0.10) (0.17) (0.11) (0.17) (0.07)
Distance -1.00 -0.64 -0.97 -098 -0.95 -0.99 -1.03
(2.25) (0.34) (0.72) (0.45) (0.69) (0.29)
Charter -0.50 -0.33 -0.50 -0.51 -048 -0.51 -0.49
(0.84) (0.13) (0.19) (0.13) (0.19) (0.09)
Free Lunch -1.20 -0.57 -121 -126 -1.20 -1.25 -1.16
(0.82) (0.12) (0.23) (0.13) (0.21) (0.09)
Constant 3.00 2347 2098 3.61 3.45 3.44 4.09
(2.51) (0.44) (0.73) (0.49) (0.72) (0.29)
Replications 100 100 100 100 100 50

Table 21: Monte Carlo Results

Standard deviation in parenthesis.
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E Additional Tables and Figures
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Figure 14: Map of School Districts in Pennsylvania
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Erie and Crawford County, PA with Teachers and School Districts

(C) OpenStreetMap contributors

Figure 15: School District Locations in Erie and Crawford County, Pennsyl-
vania

Notes: The map depicts teacher locations and school locations in Erie and Crawford county. The schools
are labeled with the first three letters of their name.
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