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Abstract

I study supply-side responses to a targeted voucher program that includes voluntary participation
from schools. By combining rich administrative data from Chile’s most recent voucher reform
with an equilibrium model of school demand and competition, I find that the current policy
induces market segmentation. Lower-quality schools disproportionately opt in and reduce fees,
while higher-quality schools are more likely to opt out and raise fees to screen families averse to
participation. In equilibrium, low-income students face sharply lower effective prices and modest
quality gains, whereas higher-income students reallocate toward non-participants and pay higher
effective fees on average. Budget-neutral redesigns that strengthen incentives for higher-quality
schools improve the quality mix of participating and tuition-free schools, but yield limited gains
in attended quality for low-income students, due to these families’ low willingness to pay for
observed school attributes. In contrast, a mandated-participation expansion delivers appreciable
gains for eligible students, but increases fiscal cost and reduces quality for higher-income students.
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1 Introduction

Much of the impact of policies that involve voluntary participation from suppliers ultimately de-

pends on these suppliers’ decision to join the policy. The number of participants determines policy

coverage, while the identity of these participants mediates the quality of the product/service that

is offered. Furthermore, extensive margin responses also matter for intensive margin equilibria,

e.g. prices, quality measures. As a result, policies with voluntary participation among suppliers

not only shift demand; they also reshape market structure/configuration. Ultimately, the inter-

play between entry/participation costs and policy design determines whether regulation improves

welfare or backfires. Ignoring such supply-side extensive margin responses risks misestimating

effects and misdesigning policies.

In this paper, I study primary schools’ participation responses in Chile’s targeted voucher

program, and their consequences on market equilibrium outcomes—such as prices and the quality

composition of participating schools—as well as on students’ outcomes and welfare, including fees

paid and the quality of schools they access. I do so by combining rich administrative data with

an empirical model of school demand and competition, where I focus on schools’ decision to join

the program and on the fees they charge in equilibrium.

Chile introduced the targeted voucher in 2008 on top of the long-standing universal voucher,

as an effort to inject additional resources into schools that enroll socioeconomically vulnerable

students and to expand low-income students’ access to subsidized private schools that charge

top-up fees. The program is voluntary for subsidized providers: schools that opt in receive an

additional per-pupil subsidy for each eligible student they enroll, but must charge zero top-up fees

to those students. Participating private-voucher schools may still charge fees to higher-income

students, but do not receive the targeted subsidy for them. Schools that opt out continue to

receive only the universal voucher and can charge top-up fees to all students.

Descriptives show that by 2013, virtually all public schools had joined the program and about

72% of private-voucher schools had opted in. Participation is strongly related to pre-reform fees:

schools charging less than $300 (annual) were very likely to join, whereas those charging $750

or more were unlikely to have joined by 2013, with a negative relationship between fees and

participation in the middle of the distribution ($300–$750). Participation also increases with the

local share of eligible students, with a positive slope in the range 0–60% share of eligible students,

and an almost full participation rate thereafter.

In line with its motivating goals, the reform expanded access to ex-ante more expensive subsi-

dized private schools for some low-income students. Relative to the pre-reform period, vulnerable

students became more likely to enroll in subsidized private schools and to attend schools with

positive fees. Illustratively, the public-private enrollment split for low-income students shifted
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from 58%/42% in 2007 to 48%/52% six years after the reform.

Motivated by the descriptive evidence, I develop and estimate an equilbrium model of demand

and supply of schools, where the demand side has atomistic families choosing schools that are

vertically and horizontally differentiated, and that compete by simultaneously choosing whether

they participate in the targeted voucher program and the fees they charge on top of the subsidies

in each participation regime.

On the demand side, I document that both low- and high-income households value school

quality and proximity, but differ markedly in price sensitivity and in their valuation of program

participation. Low-income households are very price-sensitive and value free or heavily subsidized

options, but have a relatively modest willingness to pay for improvements in observed school

quality. High-income households are less price-sensitive, yet place substantial weight on avoiding

schools that participate in the targeted voucher program, generating a sizable “stigma” effect

attached to participation. For example, high-income families with highly educated mothers are

willing to pay over $18,000 to avoid enrolling in a participating school, whereas low-income families

would pay less than $70 for an additional standard deviation in school quality.

On the supply side, I estimate schools’ cost structure within a model in which private-voucher

schools make endogenous decisions along both the extensive margin (whether to participate in

the targeted program) and the intensive margin (top-up fees), and find substantial heterogeneity.

The fixed cost of joining the targeted program averages $23,600 but rises steeply with school

quality, reaching over $32,000 for high-quality schools—explaining why many of them opt out.

Marginal costs differ by student socioeconomic group: educating a low-income student costs about

$395 on average, well below the targeted voucher amount ($706), while educating a high-income

student costs roughly $1,000. Schools also place significant weight on enrollment in their objective

function, valuing an additional student similarly to a nontrivial increase in operating margins.

My results show that the targeted voucher program meaningfully changes schools’ equilibrium

strategies relative to a system with only a universal voucher. A sizable share of private-voucher

schools opt into the program, but participation is strongly negatively selected on quality: higher-

quality schools face substantially higher fixed participation costs and therefore are less likely to

join. Participating schools reduce top-up fees—particularly for high-income students—while non-

participants raise them to screen families averse to participation, leading to a segmented market

in which lower-quality schools tend to be low-price participants and higher-quality schools tend

to be high-price non-participants.

These equilibrium responses translate into heterogeneous effects for students. When the pro-

gram is introduced, low-income students benefit from sharply lower effective fees and modestly

higher average school quality. High-income students reallocate toward non-participating, higher-

quality schools and face higher effective prices on average.
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I use the estimated model to evaluate policy counterfactuals. I find that modest, budget-

neutral redesigns of the targeted voucher—such as quality-differentiated per-student subsidies or

a fixed participation incentive paired with a lower per-student voucher—can raise the average

quality of participating and tuition-free schools and reduce effective prices. However, these re-

designs have limited effects on the quality of schools actually attended by low-income students,

because low-income households exhibit low willingness to pay for observed school attributes and

therefore respond primarily to large changes in prices or school characteristics. In contrast, a

full expansion that mandates participation increases access (all private-voucher schools become

free for eligible students) and raises the quality of tuition-free options, but at a nontrivial fiscal

cost and with notable losses for high-income families who lose access to high-fee, high-quality

non-participant schools.

The estimation of the model poses some important econometric challenges. First, the model

may present multiple equilibria. Second, the data include many schools charging zero top-up

fees, which are the result of corner solutions in schools’ best-response functions. Third, since the

educational markets in my data consist of tens—and sometimes hundreds—of schools, solving

the discrete-continuous game in the supply side becomes computationally expensive very fast. I

perform estimation using a constrained optimization GMM-MPEC algorithm, that searches for

the unknown parameters minimizing a GMM objective function subject to markets’ equilibria.1

As is known, MPEC algorithms in estimation are robust to multiple equilibria, as markets’ equi-

libria constraints need not hold in early iterations, but only at the optimum. I further implement

censored regression models to allow for potential corner solutions in schools’ best-response func-

tions for top-up fees. Lastly, I implement a parsimonious and well-accepted equilibrium concept

to solve the supply-side game: fully cursedness (Eyster and Rabin, 2005), which simplifies the be-

havioral perception of schools, while maintaining economically sound predictions and goodness of

fit. Fully cursedness implemented within an MPEC algorithm ensures computational tractability.

In this paper’s setting, fully cursedness theoretically implies that each school correctly predicts

the distribution of other schools’ actions, but ignores the correlation between these actions and

types—where here a school type is the unobserved part of its cost structure. My empirical applica-

tion of fully cursed equilibrium adds important flexibility to the theory, motivated by the context,

the data, and my own conversations with school principals and managers. While the theory on

fully cursedness assumes no correlation between other schools’ actions and types/characteristics, I

allow schools to partially predict their competitors’ actions based on a set of observable character-

istics. School heterogeneity is thus captured by observables, and schools’ strong/weak (probable)

1GMM-MPEC stands for Generalized Method of Moments-Mathematical Programming with Equilibrium Con-
straints. See Dubé et al. (2012) and Su and Judd (2012) for the theory underlying MPEC, and early applications
in economics.
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competitors can be identified. More specifically, schools are allowed to take into account the

correlation between other schools’ actions and the observable part of their cost structure. Fully

cursedness is then applied to the unobserved determinants of actions, after controlling for observ-

able characteristics.

This paper builds on important other work. Neilson (2025) is possibly the most influential

study in the recent IO-Education literature, and one of my closest predecessors. Neilson (2025)

develops a demand and supply model of school competition to study the competitive and quality

distribution consequences of the introduction of the targeted voucher program in Chile. I closely

follow Neilson (2025) in my demand modeling. However, in contrast to Neilson (2025), that uses

observed equilibria in the data and focuses on the quality effects of the policy, I explicitly solve

and estimate a game in the supply, and focus on the participation decision of schools, a margin

previously overlooked.

This paper also builds on previous studies developing supply-side equilibrium models to exam-

ine the effects of student aid policy in education. Allende (2019), Allende et al. (2019), and Bau

(2022) estimate continuous strategy supply-side games where schools compete in quality and/or

price to attract students. Similarly, Ferreyra and Kosenok (2018), Singleton (2019), and Din-

erstein and Smith (2021) estimate discrete strategy games, where schools choose entry location

and/or exit to maximize a profit-based objective function. This paper is part of a growing set

of studies that unite these two strands of the literature by allowing schools to simultaneously

choose discrete and continuous strategies in a static supply-side game (Barahona et al., 2025a;

Pal, 2025).

More generally, this paper contributes by providing an equilibrium framework that combines

a rich demand system with a supply model that endogenizes both extensive and intensive mar-

gins, which is essential for evaluating policies with voluntary supplier participation. Examples

of such policies in the education industry are numerous. For instance, Abdulkadiroglu et al.

(2018) attribute the large negative achivement effects of the Louisiana Scholarship Program to

the program’s inanbility to attract high-quality schools. In Florida, Singleton (2019)’s findings

underscore the role of school entry/exit decisions in mediating equity effects of charter school

policies: cost-adjusted—as opposed to flat per-pupil—funding formulae incentivize school entry

in poor neighborhoods, which in turn increases the share of disadvantaged students served. Also

from the US, Dinerstein and Smith (2021) show how the New York City’s Fair Student Funding

reform triggered significant entry and exit responses in the private sector, that played a critical

role in shaping the program’s enrollment and welfare effects. In Chile, a teacher recruitment pro-

gram incentivized college participation via generous scholarships, but it simultaneously reduced

participation with strict admission cutoffs (Neilson et al., 2022; Pal, 2025). In Brazil, Barahona

et al. (2025b) document the extent to which the effectiveness of the federal student loan program
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depends not only on how many students qualify for loans but also on which colleges choose to

participate, which is determined by the set of rules colleges must comply with. Similar are the

takeaways from Chile’s implementation of a free college policy (Bucarey, 2018; Johnson, 2023).

Policies triggering extensive margin responses from suppliers are not exclusive of the edu-

cation sector. The case studied in Wollmann (2018) is stark. The paper shows how product

repositioning decisions are pivotal for evaluating antitrust and bailout policies. They determine

whether consolidation leads to persistent market power or whether competitive forces restore

variety and discipline prices. In fact, accounting for product entry/exit flips the actual policy

conclusion: the 2009 auto bailout looks necessary if entry/exit is ignored but unnecessary if it is

considered. In the pharmaceutical drugs market, Atal et al. (2025) show that introducing a min-

imum quality standard in Chile forced low-quality generics to leave the market, and incentivized

the entry of high-quality drugs, producing a clear quantity-quality trade-off: reduced market

size increases prices, while a larger pool of high-quality suppliers enhances consumer welfare. In

Lagos, the rollout of a public bus network triggered extensive margin adjustments by private

minibus operators, which significantly mediated commuter welfare: treated routes saw a reduc-

tion in minibus departures, while private drivers’ rerouting resulted in lower fares in untreated

but connected routes (Bjorkegren et al., 2025). In credit markets, the perceived success of Chile’s

Government-Guaranteed Loans program during the COVID 19-induced crisis can be attributed

to banks’ strategic screening and allocation decisions (Chittaro and Sánchez, 2025; de Elejalde

and Sánchez, 2025) that resulted in high coverage with low aggregate risk (Huneeus et al., 2025).

Finally, this paper’s empirical results contribute to the evidence of voucher programs on

various outcomes, much of which is reviewed by Epple et al. (2017).

The remainder of the paper is organized as follows. Section 2 describes Chile’s educational

system and the targeted voucher program. Section 3 presents the model. Section 4 details the

data and market construction. Section 5 discusses estimation and identification. Section 6 reports

results and policy simulations. Section 7 concludes.

2 The Educational System and Vouchers in Chile

Since 1981, Chile’s primary and secondary education system has operated under a nationwide

school-choice voucher program. Families are free to choose schools, subject only to travel costs

and any top-up fees charged by the school (which are often zero or very low). Schools, in turn,

receive government funding through per-student vouchers, with the exact rules depending on their

administrative category.

Schools can be grouped into three administrative categories, based on ownership/management

and eligibility to receive subsidies. Public schools are owned and managed by local municipalities,
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are funded through vouchers, and are tuition free. Private-voucher schools are privately owned

and managed, receive vouchers, and may charge top-up fees on top of the voucher subsidy. About

53% of these schools charged positive top-up fees in 2013, which averaged ∼$500 per year. A

maximum cap on top-up fees is set at 4 Educational Subsidy Units per month (USE, for its

acronym in Spanish), or about $1,780 annually.2 The third group is private-non-voucher schools,

which are privately owned and managed, receive no subsidies, and are financed entirely through

tuition. On average, these schools charged ∼$6,400 in 2013.

The vast majority of primary-school students attend a subsidized school. In 2013, 40% at-

tended a public school, 52% attended a private-voucher school, and only 7% were enrolled in a

private-non-voucher school. These figures highlight both the sizable role of private education—

especially the subsidized private sector—and the broad reach of vouchers: more than 90% of

students use them to attend either a public or a private-voucher school.

The government subsidizes schools through two voucher programs. The older program is what

I call the universal voucher: a per-student subsidy paid to all public and private-voucher schools

based on enrollment. In 2013, the universal voucher was about $1,202 per student per year.3

The second program is the targeted voucher, introduced in 2008 to provide additional funding for

students from disadvantaged backgrounds. A central motivation was to expand the school choice

set of low-income students, who were thought to be budget constrained when considering high-

quality, high-fee subsidized private schools. The targeted voucher requires participating schools

to charge zero top-up fees to eligible low-income students. In 2013, the targeted subsidy was

about $706.

A distinctive feature of the targeted voucher is that participation is voluntary for subsidized

schools. Schools that opt in receive the targeted subsidy for each eligible low-income student they

enroll, and must charge zero top-up fees to those students. Participating schools may still charge

(possibly positive) top-up fees to higher-income students, but they do not receive the targeted

subsidy for these non-eligible students. Schools that do not join continue to receive only the

universal voucher and may charge top-up fees to all students (if they wish to do so). By 2013,

virtually all public schools had joined the targeted program, and ∼72% of private-voucher schools

had opted in.

Eligibility for the targeted voucher is primarily income-based. Children from families in the

first tercile of the income distribution are eligible, as are children from families that participate

in the Chile Solidario social program. In 2013, 52% of primary-school students were eligible for

the targeted voucher.

2In practice, this cap is not binding for the vast majority of schools. In 2013, only four private-voucher schools
charged 4 USE or more per month.

3This amount slightly varies by grade and by urban status of the school.
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Consistent with its stated goals, the targeted voucher expanded access to ex-ante fee-charging

private schools for some low-income students. Relative to the year before the program began—

when more than 75% of low-income students attended zero-fee schools—by 2013 the 75th per-

centile of vulnerable students was enrolled in a school that charged $103 in the pre-reform period.

Moreover, whereas 58% and 42% of low-income students attended public and subsidized pri-

vate schools in 2007, respectively, six years after the reform this distribution shifted toward the

subsidized private sector: 48% attended public schools and 52% attended private-voucher schools.

On the supply side, private-voucher schools’ participation decisions are strongly correlated

with both pre-reform top-up fees and the local share of eligible low-income students. Panel A of

Figure 1 shows that schools charging very low fees before the reform were much more likely to

participate. Conversely, schools with very high pre-reform fees were unlikely to have joined by

2013; among schools in the $300–$750 range, participation declines with fees. Panel B shows a

similar pattern with respect to local demographics: schools in municipalities with a higher pre-

reform share of eligible students participate at higher rates, and in municipalities where 60% or

more of students are eligible, almost all private-voucher schools participate. Panel C combines

these relationships in a contour plot of participation probabilities as a function of both fees and the

local share of eligible students (bluer colors indicate lower participation, greener colors indicate

higher participation). Three patterns stand out. First, regardless of the share of eligible students,

almost all schools with fees below $300 join the program. Second, schools charging $750 or more

have close-to-zero participation. Third, in the middle of the fee distribution, participation is

partly determined by the prevalence of low-income students, conditional on fees. Panel C also

shows that top-up fees are lower in municipalities with higher shares of vulnerable students,

underscoring a tight link between locality characteristics and equilibrium outcomes.
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Figure 1: Private-Voucher Schools’ Program Participation

A. Vs. pre-reform fees B. Vs. eligible students C. Vs. fees and eligible students
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Notes: Panel A plots a nonparametric estimate of private-voucher schools’ participation in the targeted program against

the school’s pre-reform top-up fees. Panel B plots the analogous relationship against the pre-reform share of eligible

low-income students in the school’s municipality. Panel C shows a contour plot of the predicted probability that a

private-voucher school has joined the program by 2013 as a function of pre-reform fees and the pre-reform local share

of eligible students.

The patterns in Figure 1 are consistent with private-voucher schools behaving as profit seekers

(or, more generally, as having an objective function that places substantial weight on profits). To

see why, consider the revenues of a subsidized school that does not participate in the targeted

program. For each student, the school receives the universal voucher plus any top-up fees it

charges. If the school instead participates, its revenue from non-vulnerable students is unchanged;

however, for each low-income student it receives the universal voucher plus the targeted voucher

and must charge zero fees. Participation therefore trades off fee revenue from low-income students

against the targeted subsidy. Under this logic, it is not surprising that low-fee schools tend to

opt in, whereas high-fee schools tend to opt out. The incentive is stronger in areas where a larger

share of demand comes from low-income students.

This intuition motivates the simple exercise reported in Table 1. For each private-voucher

school, I compute an ex-ante indicator for whether opting in is profitable using the information

available one year before the reform: the school’s posted fees, its share of low-income students,

and the value of the targeted voucher. Specifically, the indicator is:

1
{

# low-income students×
(
targeted voucher− top-up fees

)
> 0

}
.

Table 1 then counts schools with (strictly) positive versus negative (or zero) net benefits and

cross-tabulates them by actual participation. The results align closely with the incentive logic:

83% of schools for which participation is ex-ante profitable opt in, while 84% of schools for which
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participation is not profitable opt out.

Table 1: Program Participation by Ex-Ante Net Benefit of Participating

in program not in program total

ex-ante profit ≥ 0 2,116 442 2,558
ex-ante profit < 0 53 287 340
total 2,169 729 2,898

Notes: This table displays private-vouchers schools participation decisions as a function of the following measure of

ex-ante net benefit of joining the program: 1 {# low-income students× (targeted voucher − top-up fees)}, where low-

income students and top-up fees are measured one year preceding the introduction of the reform. Only private-voucher

schools are considered.

To complement these figures, I relate each school’s participation decision to the ex-ante profit

indicator in a simple linear regression with an intercept. The regression has an R2 of 0.25,

indicating that this rule-of-thumb measure alone explains a sizable share of the variation in

participation. Taken together, the descriptive patterns and this regression evidence suggest that

managers at private-voucher schools made participation decisions that were strongly shaped by the

underlying profit trade-off, and that the simple ex-ante indicator provides a useful approximation

to that trade-off.4

Before I close this section, I briefly comment on the quality dimension of schools’ sorting into

the program. If educational quality is costly to produce, then part of the fees schools charge

should reflect these quality-related costs; as a result, fees and educational quality are likely to

be positively correlated. I already showed that it was mostly low-fee schools that chose to join

the targeted program. A simple—though admittedly noisy—proxy for school quality is students’

average test scores. Private-voucher schools that had joined the program by 2013 have a pre-

reform average test score of -0.16 standard deviations (s.d.), whereas schools that opted out have

a much higher pre-reform average test score, of about 0.34 s.d. Turning to the schools attended

by low-income students, one year before the reform the median low-income student attended a

school with an average test score of -0.19 s.d. Six years later, the median low-income student

was enrolled in a school with a pre-reform average test score of -0.11 s.d. Taken together, the

strong sorting by schools on this quality measure, and the seemingly modest improvement in the

quality of schools attended by low-income students, raise doubts about whether the reform met

its stated goal: expanding low-income students’ access to high-quality private schools. Instead,

the reform may have primarily increased access to private, but low-quality, schools. Lessons from

4In a context where supply-side agents consider discrete-continuous strategies (product entry/exit and pricing),
Wollmann (2018) describes a similar rule-of-thumb threshold explaining commercial vehicle companies’ decisions to
enter or exit a model.
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the Louisiana Scholarship Program suggest that this latter outcome is plausible, with undesirable

consequences for students’ learning (Abdulkadiroglu et al., 2018).

3 The Model

I develop a structural model of demand for and supply of schools motivated by the voucher pro-

grams for primary education in Chile. The model is static. There exist several education markets

that are geographically separated one from another. Each market is populated by households

that live in different locations within the market, with one child that attends primary education.

Given its budget constraint, each household chooses among the schools available in the market.

Schools are (exogenously) distributed within the market’s area. There are three different cat-

egories of schools: public, private-voucher, and private-non-voucher. Public schools are tuition-

free, while both private-voucher and private-non-voucher schools are allowed to charge fees. Public

and private-voucher schools receive a per-student flat subsidy for every student that they enroll,

the universal voucher. In addition, a complementary subsidy program is available for public

and private-voucher schools: a targeted voucher to economically disadvantaged students. Par-

ticipation in this targeted program is optional for schools. The targeted voucher program adds

extra per-pupil funds over the universal voucher for every eligible low-income student that the

school enrolls, with the requirement of charging zero fees to those students. Participating private-

voucher schools can still, however, charge a non-zero fee on top of the universal voucher to higher

income students. Non-participant private-voucher schools receive the universal voucher and their

posted fees for every student. Private-non-voucher schools do not receive any subsidy, and charge

a uniform level of fees to all students.

3.1 Demand

Students have heterogeneous preferences over schools’ fees, quality (i.e. a measure of how much

the school increases students’ test scores), program participation status, geographical proximity,

a set of schools’ observable and unobservable (to the econometrician) characteristics. I capture

heterogeneity in preferences with a set of coefficients that vary over students’ observed demo-

graphic characteristics. Formally, in each market m ∈ {1, . . . ,M}, student i ∈ {1, . . . , I} chooses

the school j ∈ {1, . . . , J} that maximizes her utility. I specify the student’s conditional indirect

utility by:5

Uij = β1ip
ζ
j + β2idij + β′3iX

β
j + βζ4qj + β5iτj + ξζj + εij (1)

5I suppress the market subscript m for ease of exposition.
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where the superscript ζ ∈ {L,H} refers to the eligibility status of the student, i.e. low-income or

high-income. Thus, pζj is school j’s fees charged to students of eligibility group ζ, dij is distance

from student i’s home to school j, Xj is a vector of school j’s observable characteristics, qj is

school j’s quality measure, τj is an indicator for school j’s participation in the targeted voucher

progam, ξζj is the common preference that students of group ζ have for school j’s unobservable

(to the econometrician) characteristics, and εij is an i.i.d. preference shock. Also, for any βζ ∈
{βζ4 , ξ

ζ
j }, let βζ = Diβ

L + (1−Di)β
H , where Di = 1[i is low-income]. Similarly, for k = 1, 2, 3, 5,

βki = Diβ
L
ki + (1−Di)β

H
ki , where βLki = βLk +

∑
r zirβ

L
kr and βHki = βHk +

∑
r zirβ

H
kr, with zir being

student i’s demographic characteristic r.

Note that the fees that school j charges to student i, pζj , depend on whether the student is

low-income, and on whether the school participates in the targeted voucher program. Specifically,

pζj = τj(1−Di)p
1
j + (1− τj)p0

j ,

where p1
j is school j’s counterfactual fees in the case the school participates in the targeted

program, and p0
j is school j’s counterfactual fees in the case the school does not participate in

the targeted program.

Let Vij = β1ip
ζ
j + β2idij + β′3iX

β
j + βζ4qj + β5iτj + ξζj . Thus, Uij = Vij + εij . Assuming εij ∼

Type I Extreme Value, the probability that student i chooses school j is logistic:

Pij =
eVij∑
k e

Vik
.

While other studies explicitly model students’ preferences for peers (Ferreyra and Kosenok,

2018; Allende, 2019; Abdulkadiroglu et al., 2020; Crema, 2024; Li et al., 2025), I incorporate this

feature by including the school’s decision to participate in the program directly in the indirect

utility function. This modeling choice captures students’ taste for peers implicitly, without re-

quiring an aggregate game on the demand side. For instance, if high-income students prefer other

high-income peers and a school attracts many low-income students by joining the program, then

the school would lose high-income enrollment through peer preferences. In my model, this effect

would show up as a negative coefficient for high-income households on the school’s participation

decision, making the model sensitive to this feature of the data. Moreover, this approach has

attractive computational implications—it avoids solving a game on the demand side—and allows

me to define a rich and realistic school competition game in the supply, which is the focus of this

paper.
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3.2 Supply

3.2.1 Schools’ Problem.

I model strategic decisions only for private-voucher schools. I do so because in the data the

variation needed for econometric identification is available only for these schools. For instance,

the data show that virtually all public schools have joined the targeted program, which offers

no sufficient variation to identify the participation margin for these schools. Additionally, public

schools are mandatorily free of charge. Other related studies adopt similar modeling decisions

(see, e.g., Allende et al., 2019).

I assume private-voucher schools make their strategic decisions in the context of a static

game of incomplete information. Let aj = (τj , p
1
j , p

0
j ) denote the actions available to school j,

where τj ∈ {0, 1} is school j’s decision to participate in the targeted program, p1
j ≥ 0 is the

price the school sets if it joins the program, and p0
j ≥ 0 is the price it sets if it does not join

the program.6 Define, too, school j’s conditional (on program participation) vectors of actions,

a1
j = (τj = 1, p1

j , p
0
j ), and a0

j = (τj = 0, p1
j , p

0
j ). Let κj be school j’s fixed cost of participating in the

program. The existence of this cost is motivated by increased bureaucracy and monitoring from

the government. In addition, let (cLj , c
H
j ) be school j’s marginal costs of educating low- and high-

income students. Collect all cost terms in tj = (κj , c
L
j , c

H
j ). I assume tj is private information; i.e.

tj is school j’s type. Finally, denote school j’s pure strategy as sj(tj) =
(
τj(tj), p

1
j (tj), p

0
j (tj)

)
.

Private-voucher school j of type tj chooses its actions to maximize an objective function that

combines expected profits and enrollment. This class of objective functions for service providers

in the education and health sectors, which combine profits with a measure of quantity or quality,

are well motivated (Lakdawala and Phillipson, 1998; Gaynor and Town, 2011) and are commonly

adopted in the empirical literature (Hackmann, 2019; Singleton, 2019).7 Specifically,

max
τj∈{0,1},p1

j≥0,p0
j≥0

Et−j
[
τj
(
U1
j (a1

j , s−j(t−j); t)− κj
)

+ (1− τj)U0
j (a0

j , s−j(t−j); t)
]
,

6As described in Section 2, in Chile a maximum cap on the top-up fees private-voucher schools can charge to families
exists. However, this cap is rarely binding, with only four schools exceeding the cap, according to the administrative
data. Moreover, these four schools’ fees are observed to be higher than the cap, suggesting that the upper limit is in
practice not enforced for these schools. Consequently, I decide not to explicitly model the maximum cap on top-up fees.

7See also Blanchard et al. (2025) for an application to pension fund administrators.
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where,

U1
j (a1

j , s−j(t−j); t) = (p1
j + vu − cHj )

∑
i

(1−Di)Pij(a
1
j , s−j(t−j); t)

+(vt + vu − cLj )
∑
i

DiPij(a
1
j , s−j(t−j); t) + ψPij(a

1
j , s−j(t−j); t),

U0
j (a0

j , s−j(t−j); t) = (p0
j + vu − cHj )

∑
i

(1−Di)Pij(a
0
j , s−j(t−j); t)

+(p0
j + vu − cLj )

∑
i

DiPij(a
0
j , s−j(t−j); t) + ψPij(aj , s−j(t−j); t).

The expression for school j’s objective function consists of two parts. The first part, (U1
j −

κj), is a linear combination of profits and enrollment associated to joining the program, net of

participation cost κj . In this regime, per-student profits vary depending on the socioeconomic

background of the enrolled student. For each high-income student, the school receives the fees

it charges, p1
j , the universal voucher, vu, and incurs in a marginal cost of cHj . For each low-

income student, the school receives the targeted and universal vouchers, vt + vu, and incurs in

a marginal cost of cLj , which is allowed to be different than cHj . Added to profits is expected

enrollment, whose relative weight is captured by the parameter ψ > 0. The second part of school

j’s objective function, U0
j , is a linear combination of profits and enrollment associated to not

joining the targeted program. In such case, per-student revenue consists of the fees it charges

(p0
j ) plus and the universal voucher (vu), regardless of students’ socioeconomic status. Marginal

costs are cHj for high-income students, and cLj for low-income students. Enrollment is weighted

by ψ.

3.2.2 Motivations for Equilibrium Definition

The standard equilibrium notion for this class of games is Bayesian Nash equilibrium. Such

equilibrium concept assumes that schools do not observe the types of their opponents but know

the probability distribution from which each type is drawn from. Moreover, schools expect that

their opponents choose their actions according to their types. That is, schools anticipate a

correlation between other schools’ actions and types.

In large discrete-continuous games, BNE involves the computation of many counterfactual

equilibria in the continuous strategies to form the expected utility function of each player. This

procedure becomes expensive very quickly, computationally, but also in terms of players’ cogni-

tion.

For illustration, note that in a BNE framework, school j’s belief of the expected payoffs in the
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not-in-program regime is,

EBNt−j
[
U0
j (a0

j , s−j(t−j); t)
]

=

∫
St−j

[
(p0
j + vu − cHj )

∑
i

(1−Di)Pij(a
0
j , s−j(t−j); t)

+(p0
j + vu − cLj )

∑
i

DiPij(a
0
j , s−j(t−j); t)

+ψPij(a
0
j , s−j(t−j); t)

]
dF (t−j |tj),

where St−j is the space of other schools’ types, and F (t−j |tj) is the conditional probability dis-

tribution of other schools’ types. Using iterated expectations, school j’s expected profits in the

not-in-program regime can be rewritten as,

EBNt−j
[
U0
j (a0

j , s−j(t−j); t)
]

=
∑
τ−j

{∫
Sc−j

[
(p0
j + vu − cHj )

∑
i

(1−Di)Pij(a
0
j , s−j(t−j); t)

+(p0
j + vu − cLj )

∑
i

DiPij(a
0
j , s−j(t−j); t)

+ψPij(a
0
j , s−j(t−j); t)

]
dG(c−j |τ−j ; tj)

}
Pr(τ−j |tj),

where Sc−j is the space of other schools’ marginal costs, and G(c−j |τ−j ; tj) is the conditional prob-

ability distribution of other schools’ marginal costs. The term inside the brackets is the conditional

expected payoffs in the not-in-program regime for a particular value of τ−j (i.e. other schools’

program participation decisions), and the summation takes the expectation of those payoffs over

all possible values of τ−j (i.e. market configurations). Note that, for a given τ−j , conditional ex-

pected payoffs are a function of equilibrium counterfactual fees,
(
p1(τj = 0, τ−j), p

0(τj = 0, τ−j)
)
.

Thus, to compute the expected payoffs in the not-in-program regime, we first need to obtain the

equilibrium fees and the corresponding conditional expected payoffs for each τ−j . Then, we take

the weighted sum of all conditional expected payoffs, where the weights are the probabilities of

occurrence of each τ−j . This is a complicated task for large games. For instance, in a market

with J − 1 = 10, 1,024 different sets of equilibrium fees need to be obtained. In a market with

J − 1 = 20, 1,048,576 different sets of equilibrium fees need to be obtained. And in a market

more typical of the setting I study in this paper, with say J − 1 = 40, 5.498e11 different sets of

equilibrium fees need to be obtained.8 This procedure becomes computationally intractable very

fast.

A number of alternative equilibrium concepts for static games of incomplete information pro-

vide equilibrium solving procedures that are computationally lighter than BNE. Most of these

concepts rely on simplifications of agents’ perceptual assumptions. Models with agents that

8In general, 2J−1 equilibrium fees and associated payoffs need to be computed.
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overlook the correlation between others’ actions and private types are both theoretically and

computationally attractive. One example is Eyster and Rabin (2005)’s concept of fully cursed

equilibrium.9 Fully cursed agents have correct beliefs about the distribution of others’ types, but

fail to account for the correlation between other players’ types and actions. More practically,

fully cursed agents best-respond to their opponents’ (ex-ante) average strategy. Fully cursed

equilibrium is a limit case of Eyster and Rabin (2005)’s more general concept of (partial) cursed

equilibrium, that assumes that each player plays a best-response to a convex combination of oth-

ers’ actual strategies and the aggregate distribution. A disadvantage of this intermediate case

of cursed equilibrium is that it is hard to imagine a learning process that leads to such concept

(Eyster and Rabin, 2005; Fudenberg, 2006). On the contrary, fully cursed equilibrium is founded

on a well defined learning process, in which agents observe others’ actions but neither their types

nor their payoffs.

Fully cursedness is related to other equilibrium concepts of games with agents that fail to

account for the informational content of others’ play. Self-confirming equilibrium (Fudenberg and

Levine, 1993; Dekel et al., 2004; Battigalli et al., 2015) does not assume that players have correct

beliefs about the distribution of opponents’ play, but only that the beliefs are consistent with what

players observe when the game is played—i.e. beliefs are correct only along the equilibrium path.

Fully cursed equilibrium corresponds to a self-confirming equilibrium where players only observe

the aggregate distribution of others’ actions but not their types. Relatedly, Esponda (2008)

combines self-confirming equilibrium with some monotonicity restrictions to study the impact of

naive agents on equilibrium play in adverse selection models. Jehiel and Koessler (2008)’s analogy-

based expectation equilibrium (ABEE) assumes that players bundle states into analogy classes and

best-respond to opponents’ average strategy in those analogy classes.10 Analogy classes simply are

a coarse partition of the distribution of states and types. Fully cursed equilibrium is a special case

of ABEE, in which all states are bundled into a common analogy class. Moreover, ABEE can be

viewed as a natural selection of self-confirming equilibrium, in which the signals received by players

after each round of play correspond to the average play in each analogy class. In the same vein,

Esponda and Pouzo (2016)’s Berk-Nash equilibrium presents a unifying framework of equilibrium

models of games with agents with misspecified views of their environment, that includes Bayesian

Nash equilibrium, self-confirming equilibrium, ABEE, and fully cursed equilibrium as special

cases.

All of the above-mentioned theories constitute a response to a body of evidence on bounded

rationality that is both economically significant and regular enough to be modeled (Fudenberg,

9For early developments of the concept of fully cursed equilibrium, see Kagel and Levin (1986), and Holt and Sherman
(1994).

10See, also, Jehiel (2005), and Spiegler (2011).
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2006). The winner’s curse is early documented in experimental and non-experimental studies of

auctions and trade with adverse selection (Kagel and Levin, 1986, 2002; Thaler, 1988; Holt and

Sherman, 1994; Charness and Levin, 2009).11 Individuals’ failure to account for the informational

content of other people’s actions is also empirically present in contexts of voting in elections

and juries (Converse, 2000; Esponda and Vespa, 2014). More importantly, Kagel and Levin

(1986), and Eyster and Rabin (2005) find that these phenomena are more likely to arise in large

games, highlighting the limits of human cognition and the difficulty of evaluating counterfactual

situations as the number of players/types/states grows—similar to the storage and memory limits

of a personal computer.12

To gain insight into the perceptions and behavior of schools in my sample, I interviewed

a group of managers in the private-voucher sector in different markets in the country.13 The

interviews were structured around the following questions:

• How does the school decide on its fees?

• What motivated the school to join or not the targeted voucher program?

• Does the school know who its closest competitors are?

• Does the school monitor its closest competitors’ strategies (e.g., fees and program partici-

pation) when making its own decisions?

• How well does the school know its local demand?

Across cases, a common pattern emerges: managers maintain detailed knowledge of their

market and demand, but they do not track or react to the actions of individual rival schools when

setting strategies. Instead, strategic decisions are anchored in internal objectives (e.g. mission,

quality improvement) and in aggregate market signals (e.g. relative position/rank, realized and

potential demand).

Three cross-cutting observations summarize the interviews:

i. Rival-specific monitoring is limited. One manager emphasizes that his school does not iden-

tify a “direct competitor” among private-voucher schools and explicitly avoids conditioning

strategy on others’ behavior; he frames competition as “with ourselves,” focused on con-

tinuous quality improvements. A second manager similarly reports making decisions with

reference to the “market as a whole” rather than to any specific rival or small subset of

11The winner’s curse is generally defined as the winner’s disappointment after the auction or trade takes place (Thaler,
1988).

12See related discussions in Jehiel (2005), Jehiel and Samet (2007), Jehiel and Koessler (2008), and Esponda and
Vespa (2014).

13I talked to managers from Colegio Inmaculada Concepción in Puerto Varas, Colegio San Francisco Javier in Cerro
Navia, Colegio Augusto Winter in Temuco, Colegio Santa Marta in La Unión, Colegio San Miguel in Calbuco, Colegio
Sagrada Familia in Hornopirén, Liceo San Conrado in Futrono, and Colegio Maŕıa Deogracia in Futrono.
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rivals. Another school leader notes that pricing and program participation choices are not

based on close monitoring of other schools.

ii. Market observables are well known. Managers can list competing schools, their locations,

religious status, program focus (e.g. technical, vocational, general), grade/level offerings,

the presence of full day shift, and whether they participate in the targeted program or charge

fees (though not necessarily exact price levels). One school manager highlights awareness of

the school’s rank in standardized tests and of both potential and realized demand. Another

stresses knowing which schools are more or less preferred (by families) locally and having

granular knowledge of demand.

iii. Decisions are conditioned on aggregate signals and mission. A manager describes strategic

choices as guided by the institution’s mission and by how demand responds, effectively sum-

marizing the competitive environment into a small set of statistics (e.g., own rank, demand,

rivals’ fee/voucher program prevalence) rather than a vector of rival-specific actions.

Taken together, the interviews point to a “coarse” representation of the competitive environ-

ment: school managers track comprehensive market characteristics and their own market position

but refrain from rival-by-rival best-responses. This interpretation helps rationalize limited tacti-

cal price or policy responses to individual rivals and suggests that competitive externalities may

operate primarily through market aggregates (rankings, demand shifts, policy participation rates)

rather than pairwise strategic interactions.

3.2.3 Definition of Equilibrium

I depart from the standard Bayesian Nash equilibrium framework, and instead assume that schools

are fully cursed (Eyster and Rabin, 2005). As discussed above, fully cursed equillibrium is a

well accepted equilibrium concept for Bayesian games with agents that fail to account for the

informational content of other players’ actions. It is a special case of several other related models,

and is founded on a realistic learning process. It is parsimonious, and therefore computationally

tractable.

As a first step to defining fully cursed equilibrium in this game, let s̄−j(tj) ≡
∫
St−j

s−j(t−j)dF (t−j |tj).
That is, s̄−j(tj) is the average strategy of other players, averaged over other players’ types, from

the perspective of school j of type tj .

When schools are fully cursed, they (mistakenly) believe that each type profile of the other

players plays the same action profile, s̄−j(tj), whenever they play s−j(t−j). Consequently, fully
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cursed school j’s beliefs of the expected payoffs in each regime are such that,

EFCt−j
[
U1
j (a1

j , s−j(t−j); t)
]

= U1
j (a1

j , s̄−j(tj); tj)

= (p1
j + vu − cHj )

∑
i

(1−Di)Pij(a
1
j , s̄−j(tj); tj)

+(vt + vu − cLj )
∑
i

DiPij(a
1
j , s̄−j(tj); tj) + ψPij(a

1
j , s̄−j(tj); tj),

EFCt−j
[
U0
j (a0

j , s−j(t−j); t)
]

= U0
j (a0

j , s̄−j(tj); tj)

= (p0
j + vu − cHj )

∑
i

(1−Di)Pij(a
0
j , s̄−j(tj); tj)

+(p0
j + vu − cLj )

∑
i

DiPij(a
0
j , s̄−j(tj); tj) + ψPij(a

0
j , s̄−j(tj); tj).

Define Uj(aj , s̄−j(tj); tj) ≡ τj(U1
j (a1

j , s̄−j(tj); tj) − κj) + (1 − τj)U0
j (a0

j , s̄−j(tj); tj), i.e. the

objective function for fully cursed school j of type tj .

Definition 3.1 In the static game of incomplete information described above, a pure strategy

profile s̄∗ = (s̄∗1 . . . , s̄
∗
J) is a fully cursed equilibrium if and only if for each j and for each tj,

a∗j ∈ arg max
aj
Uj(aj , s̄∗−j(tj); tj).

In a fully cursed equilibrium, each school correctly predicts the probability distribution over its

opponents’ actions, but ignores the correlation between other schools’ actions and their types. As

a consequence, fully cursed equilibrium does not suffer from the curse of dimensionality problem

present in BNE, since only one set of equilibrium fees (and program participation decisions) needs

to be computed, regardless of the number of opponents.

When schools’ types are independent—meaning that for each tj , t
′
j , t−j , F (t−j |tj) = F (t−j |t′j)—

then each type of player j and any type of player k share common beliefs about the strategy of

any player l 6= j, k; namely, s̄l(tj) = s̄l(t
′
j) = s̄l(tk) = s̄l(t

′
k), for any tj , t

′
j , tk, t

′
k.
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School j’s best-response functions satisfy,

p1
j (a

1
j , s̄−j(tj); tj) = max

0, cHj − vu −
∑

i(1−Di)Pij(a
1
j , s̄−j(tj); tj)∑

i(1−Di)
∂Pij(a1

j ,s̄−j(tj);tj)

∂p1
j

− ψ

 , (2)

p0
j (a

0
j , s̄−j(tj); tj) = max

0, cHj

∑
i(1−Di)

∂Pij(a0
j ,s̄−j ;tj)
∂p0,
j∑

i

∂Pij(a0
j ,s̄−j ;tj)
∂p0
j

+

cLj

∑
iDi

∂Pij(a0
j ,s̄−j ;tj)
∂p0
j∑

i

∂Pij(a0
j ,s̄−j ;tj)
∂p0
j

− vu −

∑
i Pij

(
a0
j , s̄−j ; tj

)
∑

i

∂Pij(a0
j ,s̄−j ;tj)
∂p0
j

− ψ

 , (3)

τj(aj , s̄−j(tj); tj) = 1
{(
U1
j (a1

j , s̄−j(tj); tj)− κj
)
− U0

j (a0
j , s̄−j(tj); tj) > 0

}
, (4)

where equations (2) and (3) are the first order conditions for p1
j and p0

j , respectively, in addition

to the corresponding Kuhn-Tucker complementary slackness conditions. Optimal p1
j is a function

of the marginal cost of educating a high-income student in the in-program regime (cHj ), the

universal voucher (vu), the markup the school charges over the price under perfect competition

with subsidy, and the relative weight of enrollment in the school’s objective function. Note that

the markup term depends on the price-elasticity of the demand of high-income students, and not

on that of low-income students, since it is only high-income students that face this fee. Also,

the markup is lower the more price-elastic is the demand, as is usual in imperfect competitive

markets. Both the universal voucher and enrollment’s weight enter equation (2) linearly, and

therefore act as marginal cost reducers. Likewise, optimal p0
j depends on the marginal cost of

educating a student in the not-in-program regime, the universal voucher, a markup term, and

ψ. Here, the marginal cost is a convex combination of cHj and cLj , with weights proportional to

the share of each of students’ socioeconomic group in the population. The markup term depends

on the price-elasticity of the demand of all (low- and high-income) students, since all students

face this fee. Equation (4) is the optimality condition for τj , and states that school j joins the

targeted program if and only if the net payoffs associated to joining the program are greater than

the payoffs associated to not joining.

As stated in definition 3.1, a fully cursed equilibrium in this game is the fixed point of all

schools’ first order conditions.

3.2.4 Monte Carlo Simulations

To illustrate the properties of fully cursed equilibrium (FCE) relative to other concepts, I carry

out Monte Carlo simulations, whose details are consigned to Appendix C. I am mostly interested
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in the comparison of FCE and BNE, and in assessing how good of an approximation is FCE to

BNE in the case the observed data were generated from a Bayesian Nash equilibrium. In addition,

I study an intermediate concept, which I call partial cursed equilibrium (PCE), that assumes that

each school is Bayesian with respect to its (geographically) closest oponent, and is fully cursed

with respect to all others. This equilibrium concept closely relates to Eyster and Rabin (2005)’s

definition of (partial) cursed equilibrium.

I consider a simplified school choice and competition model, very similar to the main model

described in Section 3, and compare the equilibrium strategies resulting from each equilibrium

concept under the same primitives.

Model Specification. I posit a single market where I = 500 students enroll in their most

preferred school among the J schools that are available in the market. I vary the total number

of schools across simulations to analyze how the size of the game affects equilibria. I experiment

with J = 5, 10, 15, 20, 25, 30.

Similar to Fack et al. (2019), I model the market as a disc with a radius of 1. Both schools

and students are uniformly distributed throughout the market area. Figure C.1 in Appendix C

displays the spatial configuration of an example of a simulated market.

In the demand, I adopt a parsimonious version of the indirect utiliy function described in

Section 3.1:

Uij = αζj + βζ1p
ζ
j + βζ2τj + βζ3dij + εij ,

where, the superscript ζ ∈ {L,H} denotes the student’s income group. Similarly, pζj = τj(1 −
Di)p

1
j + (1 − τj)p

0
j , with Di denoting student i’s low-income status, τj is school j’s decision

to participate in the program, and (p1
j , p

0
j ) are school j’s counterfactual fees when the school

joins the program and when it opts out, respectively. The parameter αζj represents school j’s

attractiveness to students of group ζ, net of fees, program participation, and proximity. Likewise,

βζ1 , βζ2 , and βζ3 capture the preferences of students of income group ζ for school j’s fees, program

participation, and distance, respectively. The idiosyncratic error term εij follows a Type I extreme

value distribution.

In the supply, for simplicity, I abstract from the universal voucher, and I assume that schools

are profit-seeking. The school’s problem is the following,

max
τj∈{0,1},p1

j≥0,p0
j≥0

Et−j
[
τj
(
Π1
j (a

1
j , s−j(t−j); t)− κj

)
+ (1− τj)Π0

j (a
0
j , s−j(t−j); t)

]
,
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where,

Π1
j (a

1
j , s−j(t−j); t) = (p1

j − cHj )
∑
i

(1−Di)Pij(a
1
j , s−j(t−j); t)

+(vt − cLj )
∑
i

DiPij(a
1
j , s−j(t−j); t),

Π0
j (a

0
j , s−j(t−j); t) = (p0

j − cHj )
∑
i

(1−Di)Pij(a
0
j , s−j(t−j); t)

+(p0
j − cLj )

∑
i

DiPij(a
0
j , s−j(t−j); t).

The cost structure terms, (τj , c
L
j , c

H
j ), are constructed as follows,

κj = ωκ1 + ωκ2u
κ
j , (5)

cLj = ωc
L

1 + ωc
L

2 uc
L

j , (6)

cHj = ωc
H

1 + ωc
H

2 uc
H

j , (7)

where (uκj , u
cL
j , u

cH
j ) are independent, uniformly distributed on the interval [0, 1] random draws,

for each j.

Assumptions on the parameter values are described in Appendix C.1.

Data Generating Processes. The simulated data are constructed under three different data

generating processes (DGPs). For each DGP, I generate M = 500 independent samples. For each

sample m = 1, . . . ,M , I randomly draw students’ geographic coordinates, income status, and

schools’ idiosyncratic cost terms. The DGPs considered are the following:

1. Bayesian Nash Equilibrium. This DGP considers a situation where schools play a BN

equilibrium; that is, each school takes into account all possible types of its opponents, and

the probabilities of each type’s occurrence.

2. Fully Cursed Equilibrium. This DGP considers the case where schools play an FC equilib-

rium; that is, each school assumes that each of its opponents plays the average strategy,

according to the distribution of types, regardless of their realized type.

3. Partial Cursed Equilibrium. This DGP considers a situation where schools play a PC

equilibrium; that is, each school is Bayesian with respect to its (geographically) closest

oponent, and is fully cursed with respect to all other opponents.

Appendix C.2 provides extensive detail on the DGPs.

Simulation Results. Figure 2 presents a summary of the results from the Monte Carlo sim-

ulations. It displays the distributions of schools’ equilibrium strategies under each equilibrium
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concept, for markets with 5, 15, and 30 schools. Panels A–C show each school’s equilibrium

program participation (τj) strategy distribution across different market sizes. Panels D–F do

analogously for schools’ equilibrium counterfactual fees in the in-program regime, p1
j . Panels

G–I do the same for schools’ equilibrium counterfactual fees in the not-in-program regime, p0
j .

Simulations’ results for other market sizes and equilibrium effective prices are shown in Figures

C.2–C.6 in Appendix C.3.

Results indicate that while differences across equilibrium concepts are non-trivial in very

small markets, the predicted strategies converge quickly as market size grows. More specifically,

in small markets, FCE tends to overpredict program participation relative to BNE, while PC

equilibria differ from both. Notably, PCE stategies are not always a convex combination of

BNE’s and FCE’s, which reflects the model’s high nonlinearity. Importantly, these differences

become minimal as markets become large.

Equilibrium fee distributions display similar convergence. Relative to BNE, FCE and PCE

yield more compressed counterfactual fee distributions in small markets, with fewer extreme

values. By contrast, these differences largely vanish as J rises.

23



Figure 2: Schools’ Equilibrium Strategy Distribution Under BNE, FCE, PCE
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Notes: This figure displays schools’ equilibrium strategies under BNE, FCE, and PCE assumptions. Data is generated

from 500 Monte Carlo simulations using the same primitives for students’ preferences and schools’ cost structure. Panels

A–C show each school’s equilibrium program participation (τj) strategy distribution across simulations for markets with

5, 15, and 30 schools, respectively. Panels D–F do analogously for schools’ equilibrium counterfactual fees in the in-

program regime, p1
j . Panels G–I do the same for schools’ equilibrium counterfactual fees in the not-in-program regime,

p0
j .

The presented evidence on the relationship between BNE, FCE, and PCE assumptions, to-
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gether with the fact that urban education markets are large, usually consisting of tens and even

hundreds of schools, strenghen the argument for the adoption of Fully Cursed equilibrium in the

analysis of Chile’s primary education markets. The convergence of equilibrium strategies under

BNE, FCE, and PCE in sufficiently large markets suggests that FCE provides not only a compu-

tationally tractable, but also an empirically valid approximation for modeling schools’ behavior in

sizable markets. This is particularly pertinent given the computational challenges associated with

solving for Bayesian Nash equilibria in large-scale games where agents compete in both discrete

and continuous strategies.

On the other hand, Partial Cursed equilibrium also presents an attractive alternative to BNE,

that is computationally lighter, and that preserves the Bayesian behavior for geographically close

schools.14 However, in practice, PCE does not yield much different equilibrium strategies than

FCE, nor are PCE strategies closer to BNE strategies. Moreover, FCE outperforms PCE in

computational time required to find equilibria.

The analysis of the Monte Carlo simulations just presented through the lens of the theory

of models of Bayesian games with cursed/coarse agents (Eyster and Rabin, 2005; Jehiel, 2005;

Spiegler, 2011) is enlightening. The key element in these models is that cursed/coarse players

do not assign informational value to others’ actions with respect to their private information—

or, at least, they only partialy connect others’ actions and private types. For instance, in a

bilateral trade with adverse selection game (Eyster and Rabin, 2005; Spiegler, 2011), the cursed

buyer that trades with a fully rational seller may choose a higher or a lower bid, relative to the

benchmark BNE case, depending on the parameters defining the game. This ambuiguity lies in

two contradictory forces that emanate from the cursed buyer’s perceptual behavior. On one hand,

the cursed buyer fails to take into account adverse selection, which results in an overvaluation

of the object for trade and in a higher bid than in the fully rational case. On the other hand,

the buyer does not realize that a higher bid enhances the expected quality of the traded object,

resulting in underbidding relative to the benchmark.

In the context of school competition from the Monte Carlo exercise, cursed schools overlook

the connection between other schools’ actions and idiosyncratic costs. This misperception has

important implications, that are observed in the simulations’ results. First, fully cursed schools

have somewhat higher rates of program participation than fully rational schools, especially schools

with high probability of joining the program in small markets. According to the theory, this result

is explained by fully cursed schools overpredicting the competitiveness of others, not being able

to infer a competitor’s high participation private cost from the observation of a low participation

rate.

14Closeness beteween schools may alternatively be defined based on a school characteristic different from geographic
distance, but that is also relevant for students’ demand, and therefore for supply side competition.
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Simulations also show a more compressed distribution of counterfactual prices for cursed

schools when compared to the benchmark. Again, this phenomenon is a direct implication of

the theory. Cursed schools underreact to opponents’ high prices, by choosing a price that is

lower than the Bayesian Nash equilibrium price. Likewise, cursed schools do not realize that

their opponents’ low price is necessarily implied by a low idiosyncratic private cost, resulting

in a cursed equilibrium price that is higher than the benchmark. Taken together, these two

behavioral observations lead to a more compressed price distribution for cursed schools relative

to fully rational schools.

Lastly, results from the simulations show a rapid convergence between bounded and fully

rationality models’ equilibrium strategies, suggesting that in sufficiently large games the distinc-

tion between fully and this form of bounded rationality does not considerably matter empirically.

While interesting, this result is not entirely novel in the literature. In fact, the just presented

convergence result is similar in spirit to the relation between Oblivious Equilibrium and Markov

Perfect Equilibrium in dynamic models of imperfect competition (Weintraub et al., 2008, 2010).

Estimation Performance. I explore the performance of an estimation routine that (mistakenly)

assumes data were generated from a FCE, while they were actually generated from a BNE.

Specifically, I simulate data under the assumption of Bayesian Nash equilibrium, the standard

rational equilibrium assumption in static Bayesian games, and examine whether an estimation

routine that treats data as if they were generated from Fully Cursed schools is able to recover

the true parameters. I perform estimation analyses for varying market sizes.

For each Monte Carlo sample m = 1, . . . , 50, I generate 20 independent and identically dis-

tributed markets, each with the same primitives—i.e. number of students, number of schools,

preference parameters, and cost structure parameters—but with independent draws of students’

locations, income status, and schools’ idiosyncratic cost terms. For each market, I solve for the

BNE strategies, and then pool the resulting data across the 20 markets for estimation.

To focus on the supply side parameter estimation, I proceed as if the econometrician knew

the true parameters governing the demand side of the model. This assumption leaves only the

cost structure parameters to be estimated; that is, ω = (ωκ1 , ω
κ
2 , ω

cL
1 , ωc

L

2 , ωc
H

1 , ωc
H

2 ) in equations

(5)–(7).

For each simulation sample m = 1, . . . , 50 and market size J = 20, 25, 30, I adopt a GMM-

MPEC estimation approach, where I minimize a GMM objective function subject to markets’

equilibrium constraints. I work with market sizes {20, 25, 30} because they better align with the

market sizes in the actual data from Chile’s primary education. The GMM objective function in-

cludes moments associated to schools’ program participation, schools’ effective prices, participant

schools’ fixed effects in students’ indirect utility function (αLj and αHj ), low- and high-income
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students’ enrollment in participant schools, effective prices paid by low- and high-income stu-

dents, distance travelled by low- and high-income students, and low- and high-income students’

enrollment share in participant schools.

Table 2 presents the estimation results. The first column displays the true parameters used

in the data generating process. For each market size, the “mean” column reports the average of

the estimated parameters across the 50 Monte Carlo samples, and the “std. dev.” column shows

the standard deviation of these estimates. The results indicate that the GMM-MPEC estimator

based on the Fully Cursed equilibrium assumption is able to recover the true parameters with

little bias and reasonable precision, even when the data are generated from a Bayesian Nash

equilibrium. Moreover, the estimates become more precise and closer to the true values as the

market size increases, reflecting the previously presented result that equilibrium strategies under

BNE and FCE become nearly indistinguishable in large markets.

Table 2: Monte Carlo Estimation Results
20 schools 25 schools 30 schools

parameter true value mean std. dev. mean std. dev. mean std. dev.

ωκ1 -50 -61.56 22.38 -58.58 22.05 -58.23 22.19
ωκ2 150 177.42 80.26 163.29 81.44 159.42 80.69

ωc
L

1 0.4 0.16 0.29 0.27 0.31 0.30 0.34

ωc
L

2 0.8 0.68 0.15 0.74 0.15 0.75 0.17

ωc
H

1 0.2 0.23 0.04 0.24 0.06 0.25 0.09

ωc
H

2 0.8 0.81 0.02 0.82 0.03 0.82 0.05

Notes: This table reports the true parameter values, the mean of the GMM-MPEC estimates across 50 Monte Carlo

samples, and the standard deviation of the estimates, for each market size (20, 25, and 30 schools). Estimation is

performed under the Fully Cursed equilibrium assumption using data generated from a Bayesian Nash equilibrium. For

each Monte Carlo simulation and market size, 20 independently drawn markets are considered.

The results from Table 2 provide strong empirical support for the use of Fully Cursed equi-

librium as a computationally tractable and reliable approximation in the estimation of large

discrete-continuous Bayesian games, such as the one studied in this paper in the context of pri-

mary education markets.

4 Data and Educational Markets

I combine various administrative data sets for Chilean schools and students for the year 2013.

First, I use the registry of all operating schools, in which I observe schools’ administrative cat-

egory, fees (only for private-voucher schools), subsidies, participation in the targeted voucher
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program, geocoded address, and other characteristics such as religious orientation and urban

status. Second, I use the registry of all students attending primary education in the country.

I observe students’ grade and school of attendance, eligibility for the targeted program, (non-

geocoded) residential address, and other characteristics such as gender and date of birth. Third,

I use records on students’ performance in mandatory standardized tests taken by all 4th graders

in the country. Fourth, the standardized exams include a questionnaire to parents that provide

data on demographic characteristics such as parents’ level of education, household income, and

house amenities (e.g. computer and internet availability), which I also use.15

In addition, to construct instruments, I use pre-reform administrative data from 2007, one

year prior to the introduction of the program, including the censuses of schools and students. I

also utilize the national household survey (CASEN) for the year 2013 to aid with the instrumental

variables creation.

The administrative records provide geocoded addresses for schools, but only name addresses

for students’ residence. Furthermore, not all students have valid name addresses. To address

this data limitation, I perform a two-step process to recover students’ geocoded addresses, and

later the corresponding distance from each student’s home to every school in the market. First,

I use a combination of GIS tools to obtain geographic coordinates for students with valid name

addresses. Second, for the rest of the students in the sample, I perform a machine learning-random

forest prediction of their residence coordinates based on a large vector of observable demographics

combined with the latitude-longitude data retrieved from students with valid addresses. The final

outcome is 66% of either correct geocoded addresses or precisely predicted coordinates. Though

not a complete coverage, my two-step process represents a significant improvement from the

50% valid geocoded addresses reported in Neilson (2025) or the imputed coodinates using the

municipality centroid in Gazmuri (2024)—both studies examine samples of primary education

students very similar to this paper’s. In my empirical application, I impute all distance missing

observations with a value of zero, and include a dummy indicator for non-missing in the original

variable.16

I also collect data on private-non-voucher schools’ fees. Such information is not included in

the administrative data from the Ministry of Education. I perform this process by manually

collecting fee amounts from schools’ websites and telephone conversations. I successfully retrieve

fee values for all private-non-voucher schools in the country.

15See Appendix A for a more detailed description of the administrative data sets I use in this paper.
16More specifically, the variable distance from home to school is transformed in the following way,

d′ = d× 1 [d = non-missing] .

For completeness, I include both d′ and 1 [d = non-missing] variables in the choice model to be estimated.
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An intermediate step to construct the final sample is to define educational markets. Such task

is challenging in the context of urban centers in Chile, as is the case in other Latin American

countries (Allende, 2019; Dinerstein et al., 2023; Neilson, 2025). Unrestricted choice combined

with a large supply of public and private schools make it difficult to draw clear boundaries of

school markets. As illustration, a student that lives close to the border of a city may be attracted

to attend a school located in a nearby different city.

To define educational markets, I develop an algorithm inspired by the work in Neilson (2025),

that constructs markets based on student enrollment data. The algorithm proceeds as follows.

1. For a particular municipality, which I call origination municipality, I consider the school

choices of all students residing in that municipality.

2. From those school choices, I identifiy all municipalities to which students travel to attend

school. I call these destination municipalities. Note that the origination municipality can

simulatenously be a destination municipality—in practice, that is always the case.

3. I rank these destination municipalities according to popularity; that is, based on the share

of students that choose a school in each destination municipality.

4. I join all municipalities with a popularity rate of 5% or higher, to have the first iteration of

the market associated to the origination municipality.

5. I redo steps 1–4, but consider this first iteration of the market instead of the origination

municipality in step 1. I stop when no new municipality is added to the group of destination

municipalities that define a market.

I perform this algorithm for all municipalities in my sample.

I select large educational markets for my final sample. This selection criterion is necessary to

bring my model and its supply side game with many players to the data. Specifically, I include

markets with 10,000 or more primary education (grades 1st–8th) students. In addition, and

only to work with markets that are more similar in size to each other, I leave the capital city,

Santiago, out of the final sample. Including Santiago is straightforward and does not change

the policy recommendation results. I end up with 27 markets, that enroll ∼44% of the student

population, and include ∼41% of all schools.17 Lastly, I keep only 4th graders in the estimation

sample, since data on standardized test scores are only available for these students.18

A few market-level descriptive statistics summarized in Table 3 are worth mentioning. The

average (median) market has 2,876 (2,695) 4th grade students, of which 54% (57%) are eligible for

the targeted voucher. The largest market has 7,116 4th grade students. There are 77 (76) schools

17Figure B.1 in Appendix B presents an example of an educational market created with the geocoded data.
18See Neilson (2025) for a similar sample selection criterion.
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in the average (median) market, 37 (38) of which are public, 35 (31) are private-voucher, and

4 (3) are private-non-voucher. The largest market has 105 private-voucher schools. Among all

private-voucher schools in the typical market, about two thirds participate in the targeted voucher

program. These figures underscore the wide reach of the targeted voucher among students and

schools, as well as the large size of the game that is played by private-voucher schools in the

supply, which makes my model suitable for the context.

Table 3: Educational Markets’ Characterization
mean std. dev. min median max

students 2,876 1,493 1,025 2,695 7,116
% low-income students 54 12 17 57 71
schools 77 36 27 76 151
public schools 37 20 8 38 76
private-voucher schools 35 23 10 31 105
private-non-voucher schools 4 4 0 3 14
% private-voucher schools in targeted program 66 18 28 67 89

Notes: Summary statistics for all 27 geographic educational markets included in the empirical analysis.

Student enrollment in the different administrative categories of schools follows some interesting

patterns. Table 4 summarizes enrollment, top-up fees, and test scores for schools in my final

sample. The vast majority (95%) of students attend a subsidized school, either public or private-

voucher. Furthermore, enrollment decisions for low-income students are clearly inclined towards

schools that charge them no fees, where half of these students attend a public school, and about

39% attend a private-voucher school that is part of the targeted voucher program. This pattern

reflects the binding budget constraint that low-income families face when choosing schools, and

that originally motivated the introduction of the targeted voucher. High-income students’ choices

are more dispersed among the different categories of schools, where less than a third of these

students attend a public zero-fee school, and 11% attend a high-fee private-non-voucher school.
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Table 4: School Characteristics, by Schools’ Administrative Category

category: public private-voucher private-non-voucher
in targeted voucher program: yes yes no no

enrollment (%) 41 35 19 6
enrollment - low-income (%) 50 39 11 1
enrollment - high-income (%) 30 30 28 11
top-up fees ($) 0 150 869 6,687
test scores (s.d.) -0.26 -0.01 0.28 0.78

Notes: Characteristics of primary schools in the analysis sample, depending on whether the school is public, private-

voucher, or private-non-voucher, and on whether it participates in the targeted voucher program. Fees are in real 2013

prices, and were transformed from CLP to USD according to the exchange rate as of March 1, 2013 (472.96 CLP/USD).

Test scores are the school average of math and verbal exams and are standardized to have mean zero and standard

deviation one at the student level.

Private-voucher school selection into the targeted voucher program is also notable. It is mostly

low-fee, low-test scores schools that decide to join the program, as can be observed in Table 4 and

Figure 3. Such pattern reflects the very likely profit seeking motive of private-voucher schools,

as was discussed in Section 2. It also suggests that many high-test scores schools decided to stay

out of the program, which raises doubts on the capability of the program to make high achieving

schools more easily available to low-income students.19

Figure 3: Private-Voucher Schools’ Fees and Test Scores Distributions
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Notes: Fee levels are in real 2013 prices, and were transformed from CLP to USD according to the exchange rate as of

March 1, 2013 (472.96 CLP/USD). Test scores are the school average of math and verbal exams among students, and

are in standard deviation units.

19A similar school sorting pattern was recently observed in the Louisiana Scholarship program, the Louisiana state-
funded targeted voucher program studied in Abdulkadiroglu et al. (2018).
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5 Estimation and Identification

I estimate the model’s parameters sequentially. First, in three steps, I obtain the school popularity

and taste heterogeneity parameters in the preferences model, a measure of school quality in

auxiliary test scores equations, and then link these two sets of parameters to finalize preferences

estimation. Then, given demand parameters, I estimate the parameters that enter schools’ fixed

participation and marginal cost functions.

5.1 Demand

I proceed in three steps. First, I estimate school popularity fixed effects and the parameters of

heterogeneity in students’ preferences. Then, given that school quality is not directly observed in

the data, I obtain a school quality measure by estimating test scores equations using a selection-on-

observables approach, very similar to the work in Allende (2019), Allende et al. (2019), and Neilson

(2025). Finally, I link school quality and other characteristics to school popularity estimates to

finalize preferences for schools estimation.

Preferences for Schools. I use Maximum Likelihood to estimate preferences for proximity,

taste heterogeneity, and mean utilities or school popularity. Heterogeneity in preferences is cap-

tured by a set of students’ observable demographic characteristics, which in practice are mother’s

educational level dummies. Mean utilities vary at the student’s socioeconomic status (low/high-

income), and absorb the remaining preference components from the indirect utility function,

δζj = βζ1p
ζ
j + βζ′3 X

β
j + βζ4qj + β5τ

ζ
j + ξζj .

The corresponding log-likelihood function is:

LL(β) =
∑
i

∑
j

eij ln

 exp
(

(βζ1i − β
ζ
1)pζj + βζ2dij + (βζ3i − β

ζ
3)Xβ

j + (βζ5i − β
ζ
5)τ ζj + δζj

)
∑

k exp
(

(βζ1i − β
ζ
1)pζk + βζ2dik + (βζ3i − β

ζ
3)Xβ

k + (βζ5i − β
ζ
5)τ ζk + δζk

)
 ,

where eij is the choice indicator, i.e. eij = 1 indicates that student i attends school j.

School Quality. To estimate the measure of school quality, I follow Allende (2019), Allende

et al. (2019), and Neilson (2025), and estimate the parameters that enter an auxiliary test scores

equation using an offline selection-on-observables linear model. Note that school value-added

measures, as defined by the value-added literature (Rockoff, 2004; Rivkin et al., 2005; Kane and

Staiger, 2008; Chetty et al., 2014a,b; Bau, 2022), are not possible to estimate in this context,
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because prior test scores are not observed. Instead, my school quality estimates measure the

accumulated quality value of a school for grades 1st–4th.

In practice, I estimate by OLS the following regression,

Yij = Wiγ +
∑
j

qjeij + εi,

where I include a large set of observables in Wi to capture as much variation as possible, and

minimize the inconsistency in the estimates. The set of covariates I include are gender, low-

income status, grade repetition, mother’s education, father’s education, household income, having

attended pre-K, having attended kindergarten, computer availability at home, internet availability

at home, indigenous status, number of books at home, and class attendance. I use the student-

level average of 4th grade national standardized scores in verbal and math exams as the outcome

variable. This set of observables is in line with those in Allende (2019), Allende et al. (2019),

and Neilson (2025). Further, Allende et al. (2019) show that school quality estimates based on

this procedure and a similar vector of observables yields comparable results to those obtained

when adding prior test scores as controls. They also provide additional experimental evidence

supporting the use of this strategy. I estimate the test scores equations market by market. I

obtain {q̂j}Jj=1 as school quality estimates.

Under the selection-on-observables assumption, E[Dijεi = 0], the set {q̂j}Jj=1 contains consis-

tent estimates for {qj}Jj=1; however, they are subject to estimation noise. Depending on the school

size—i.e. number of students—the estimation noise may be considerable. Shrinking estimates

often help minimize the estimation noise.

Following Walters (2024), I use the following parametric normal/normal model to shrink the

school quality estimates. Let {sj}Jj=1 be the collection of standard errors for {q̂j}Jj=1. The first

level of the hierarchy model is described by,

q̂j | qj , sj ∼ N(qj , s
2
j ).

The second level of the hierarchy describes the cross-school distribution of quality,

qj | sj ∼ N(µq, σ
2
q ),

with (µq, σ
2
q ) the hyperparameters that summarize the quality ditribution. I utilize common
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estimators for these hyperparameters:

µ̂q =
1

J

∑
j

q̂j ,

σ̂2
q =

1

J

∑
j

[
(q̂j − µ̂q)2 − s2

j

]
.

Substracting s2
j is a bias-correction accounting for excess variance in q̂j ’s due to sampling error.

The posterior mean for qj given (q̂j , sj) is:

q∗j ≡ E[qj | q̂j , sj ] =

(
σ2
q

σ2
q + s2

j

)
q̂j +

(
s2
j

σ2
q + s2

j

)
µq,

with its empirical counterpart,

q̂∗j =

(
σ2
q

σ2
q + s2

j

)
q̂j +

(
s2
j

σ2
q + s2

j

)
µ̂q.

The set of {q̂∗j }Jj=1 contains the Empirical Bayes shrunk estimates for school quality that I use

in my empirical analysis.

Linking Mean Utilities to School Quality and Other Characteristics. I use the estimated

δ̂ζj terms from the first step, as well as the q̂∗j shrunk estimated school quality from the test scores

regressions to estimate the remaining mean preference parameters in a linear regression of the

form:

δ̂ζj = βζ1p
ζ
j + βζ′3 X

β
j + βζ4 q̂

∗
j + β5τ

ζ
j + ξζj . (8)

As is usual in demand models, I assume that Xβ
j is uncorrelated with ξζj . However, I allow

pζj = τj(1 −Di)p
1
j + (1 − τj)p0

j and τj to be endogenous—i.e. correlated with ξζj—and estimate

equation (8) by 2SLS using the instruments described below. To account for the estimation

noise in the dependent variable, δ̂ζj , I weigh each observation by the inverse of the maximum

likelihood-estimated variance of the school fixed effect.

Identification and Instruments. The term ξζj represents group-ζ families’ preferences for

school j’s unobserved characteristics, such as principal’s charisma or managerial style, educa-

tional curriculum, etc., that may be correlated with school’s choices for top-up fees and program

participation. An artificial example is a school with a mission to serve vulnerable families. Such

school may be willing to develop a culture and an educational environment that are particu-
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larly welcoming to low-income students, which may intensify the school’s propensity to join the

targeted program and to set low fees. Thus, consistent estimation of the linear parameters in

equation (8) necessitates instruments.

My choice of instruments for program participation and top-up fees follows related studies

(Allende, 2019; Allende et al., 2019), and in particular Neilson (2025). To instrument program

participation, I use two instrumental variables. The first one is the share of eligible students in

the school’s neighborhood, defined by the zona censal where the school is located.20 To avoid

endogeneity issues related to reform-induced migration, I use the pre-reform share of eligible

students, measured one year prior to the introduction of the policy. As discussed in Section 2,

a higher share of low-income students increases the relative ex-ante profit associated to joining

the program, especially for zero- and low-fee schools. The exogeneity assumption is that the

pre-reform demographic composition of the school’s neighborhood is uncorrelated with families’

preferences for non-academic quality, ξζj . In other words, families’ valuation for characteristics

such as the principal’s managerial style is fixed to changes in the socioeconomic composition of

the neighborhood.

A second instrument for a school’s program participation decision is the indicator for positive

ex-ante net profit of joining the program. I construct this variable using the school’s pre-reform en-

rollment share of vulnerable students and its pre-reform fees, combined with the post-reform value

of the targeted voucher, i.e. 1 {# low-income students× (targeted voucher − top-up fees)}. This

instrument is motivated by the discussion in Section 2, where I show that a simple ex-ante profit

indicator is highly correlated with schools’ participation decisions. The validity of the instrument

rests on the assumption that this ex-ante profit measure, which is based on pre-reform equilibrium

strategies, is exogenous to post-reform families’ preferences for unobserved school characteristics,

ξζj .

I employ two instruments to identify families’ sensitivity to schools’ fees. First, in the spirit

of classical BLP instruments (Berry et al., 1995; Nevo, 2001; Berry and Haile, 2014), I construct

a distance-weighted proportion of private-voucher schools in the school’s neighborhood, with

weights being the inverse of the distance to the school. This variable captures how strong is the

local competition faced by the school, where the intuition is that a higher share of private schools

translates into stronger competitive pressure, leading to lower fees.21 The exclusion restriction

holds under the assumption that, conditional on the school characteristics included in Xβ
j , the

20Similar to a block group in the US census, a zona censal in Chile’s census is the second smallest geographic unit,
and is composed by a group of manzanas.

21Think of a private-voucher school setting its fees facing only public schools as local competitors; this school is in
practice a monopoly in the local private sector, with incentives to set the corresponding sector-monopolistic fees. Now,
suppose this private-voucher school is one of many such schools in the neighborhood; the school necessarily sets fees
lower than the sector-monopolistic one.
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spatial distribution of competitors and their density in the local market area do not directly

affect families’ preferences for unobserved school quality attributes such as principal’s charisma

or school’s culture.

In addition, I use a wage compensating differentials instrument for top-up fees. Following

Neilson (2025) closely, I use the 2013 national household survey to run a linear regression of log

wages for highly educated workers on a quadratic polynomial on age and on industry, occupation,

and municipality fixed effects. Differences in the estimated municipality fixed effects capture

the relative salary compensations that are payed across local markets—i.e. wage compensating

differentials. As Neilson (2025) notes, about 80% of school costs are related to teachers’ salaries.

Therefore, the municipality fixed effects are a measure of labor costs. These school costs are

unlikely to be correlated with parents’ preferences for the school’s unobserved characteristics.

I include an additional variable in the set of instruments: the average pre-reform top-up fees

charged by competitor schools in the school’s neighborhood. This instrument provides information

on other schools’ cost structure, and therefore on (post-reform) competitors’ strategies—i.e. fees

and targeted voucher takeup—which in turn determine the school’s own strategies, via oligopolis-

tic competition. The validity of this instrument relies on the assumption that other schools’

pre-reform pricing decisions are not correlated with the school’s post-reform unobserved quality

characteristics, ξζj , after controlling for the school’s own observable characteristics.

An important assumption I make is to treat school’s quality as an exogenous characteristic.

Both Allende et al. (2019) and Neilson (2025) allow schools to be strategic in this dimension, and

instrument quality in demand models and contexts that are similar to this paper’s. My argument

for exogeneity is to attribute the quality effects of the reform to the introduction of the targeted

policy in educational markets, rather than to schools’ decision to join the program once the policy

has been implemented. Cañedo Riedel and Sánchez (2021) and Neilson (2025) present supporting

evidence showing that both participant and non-participant schools increased a measure of quality

and invested in educational inputs associated to improving the quality of education as a response

to the introduction of the reform. As is expected in oligopolistic markets, competitive forces

explain the observed quality improvements for both participants and non-participants (Neilson,

2025). Conversely, the evidence in Correa et al. (2014) suggests some sort of an educational

advantage due to program participation, by showing that students in participant schools improve

their test scores. However, the underlying identification assumptions are strong, and the authors

are not able to rule out selective student sorting as an explanation to their findings, as opposed

to school quality improvement from program participation.

In the event that program participation has an (improvement) effect on school quality on top

of the effect attributed to the introduction of the reform, my policy counterfactual results are

subject to be biased in an ambiguous way. For a specific change in regulation (e.g. variation in
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the targeted voucher value), some schools may respond by switching into the program, others may

switch out of the program, while a third group may keep their participation decision unaffected.

The first group of schools may likely experience a raise in their quality, while the second group

of schools may see a reduction in their quality of education. Whether these responses translate

into a market level improvement or worsening of quality depends on the number of switchers as

well as on the magnitude of each of the school quality effects. Similar is the reasoning for how

the change in policy affects students’ school choices and welfare. A priori, it is therefore unclear

how far off and in which direction my results stemming from the fixed quality assumption may

be from the results under the assumpation that quality changes with the participation decision.

5.2 Supply

I parameterize schools’ costs structure as follows,

cHj = Xω
j ωcH + uc

H

j

cLj = Xω
j ωcL + uc

L

j

κj = Zωj ωκ + uκj ,

where Xω
j and Zωj are vectors of observable (to the econometrician and all players) variables

affecting marginal costs and participation fixed costs, respectively. The terms ωcH , ωcL and ωκ

are parameters to be estimated. The idiosyncratic error terms, uc
1,H

j , uc
0

j and uκj , are independent

and normally distributed with mean zero and variance terms σ2
cH

, σ2
cL

and σ2
κ, respectively. The

variance terms are also parameters to be estimated.

Conditional on observables Xω
j and Zωj , all costs elements are statistically independent, both

within and across schools, i.e. cHj ⊥⊥ cLj′ ⊥⊥ κj′′ | Xω, Zω for any j, j′, j′′, where ⊥⊥ denotes

statistical independence.

I combine demand estimates and schools’ optimality conditions (2)–(4) to recover the param-

eters governing schools’ costs structure. Let s̄j(s̄−j) ≡
∫
Stj

sj(s̄−j ; tj)dFt(tj) be school j’s fully
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cursed strategy, where Stj is the space of school j’s types. Thus,

p̄1
j (s̄

1
j (s̄−j), s̄−j | Xω, Zω) = Φ


Xω
j ωcH − vu −

∑
i(1−Di)Pij(s̄1j (s̄−j),s̄−j)∑
i(1−Di)

∂Pij(s̄1
j
(s̄−j),s̄−j)

∂pj

− ψ

σcH


Xω

j ωc1,H − vu −
∑

i(1−Di)Pij(s̄
1
j (s̄−j), s̄−j)∑

i(1−Di)
∂Pij(s̄1j (s̄−j),s̄−j)

∂pj

− ψ

+σcHλ


−Xω

j ωcH + vu +
∑
i(1−Di)Pij(s̄1j (s̄−j),s̄−j)∑
i(1−Di)

∂Pij(s̄1
j
(s̄−j),s̄−j)

∂pj

+ ψ

σcH


 , (9)

where λ(ν) = φ(ν)
1−Φ(ν) is the inverse Mill’s ratio, and φ(·) and Φ(·) are the standard normal density

and probability distribution, respectively. Note that,

Pij(s̄
1
j (s̄−j), s̄−j) =

eVij(s̄
1
j )

eVij(s̄
1
j ) +

∑
k 6=j e

Vik(s̄k)
,

where, Vij(s̄
1
j ) = β1i(1−Di)p̄

1
j+β

ζ
2idij+β

′
3iX

β
j +βζ4qj+β5iτ

ζ
j +ξζj , and Vik(s̄k) = β1i

(
τ̄k(1−Di)p̄

1
k + (1− τ̄k)p̄0

k

)
+

βζ2idik + β′3iX
β
k + βζ4qk + β5iτ

ζ
k + ξζk, for k 6= j. Also,

∂Pij(s̄
1
j (s̄−j), s̄−j)

∂pj
= β1i(1−Di)Pij(s̄

1
j (s̄−j), s̄−j)

(
1− Pij(s̄1

j (s̄−j), s̄−j)
)
.
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Similarly,

p̄0
j (s̄

0
j (s̄−j), s̄−j | Xω, Zω) = Φ


Xω
j ωcH

∑
i(1−Di)

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

+Xω
j ωcL

∑
iDi

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

− vu

σ0

−
∑
i Pij(s̄

0
j (s̄−j),s̄−j)∑

i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

− ψ

σ0


Xω

j ωcH

∑
i(1−Di)

∂Pij(s̄
0
j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj

+Xω
j ωcL

∑
iDi

∂Pij(s̄
0
j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj

− vu −
∑

i Pij(s̄
0
j (s̄−j), s̄−j)∑

i

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj

− ψ

+σ0λ


−Xω

j ωcH

∑
i(1−Di)

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

−Xω
j ωcL

∑
iDi

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

σ0

+vu +
∑
i Pij(s̄

0
j (s̄−j),s̄−j)∑

i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

+ ψ

σ0


 , (10)

where σ0 =

∑
i(1−Di)

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

2

σ2
cH

+

∑
iDi

∂Pij(s̄0j (s̄−j),s̄−j)

∂pj∑
i

∂Pij(s̄0
j
(s̄−j),s̄−j)

∂pj

2

σ2
cL


1
2

, and

Pij(s̄
0
j (s̄−j), s̄−j) =

eVij(s̄
0
j )

eVij(s̄
0
j ) +

∑
k 6=j e

Vik(s̄k)
,

with Vij(s̄
0
j ) = β1ip̄

0
j + βζ2idij + β′3iX

β
j + βζ4qj + β5iτ

ζ
j + ξζj . Likewise,

∂Pij(s̄
0
j (s̄−j), s̄−j)

∂pj
= β1iPij(s̄

0
j (s̄−j), s̄−j)

(
1− Pij(s̄0

j (s̄−j), s̄−j)
)
.
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Finally,

τ̄j(s̄j(s̄−j), s̄−j | Xω, Zω) = Φ


(
U1
j

(
s̄1
j (s̄−j), s̄−j | Xω, Zω

)
− Zωj ωκ

)
− U0

j

(
s̄0
j (s̄−j), s̄−j | Xω, Zω

)
στ

 ,

(11)

where,

U1
j

(
s̄1
j (s̄−j), s̄−j | Xω, Zω

)
=

(
p̄1
j (s̄

1
j (s̄−j), s̄−j | Xω, Zω) + vu −Xω

j ωcH
)∑

i

(1−Di)Pij(s̄
1
j (s̄−j), s̄−j)

+(vt + vu −Xω
j ωcL)

∑
i

DiPij(s̄
1
j (s̄−j), s̄−j) + ψPij(s̄

1
j (s̄−j), s̄−j),

U0
j

(
s̄0
j (s̄−j), s̄−j | Xω, Zω

)
=

(
p̄0
j (s̄j(s̄−j), s̄−j | Xω, Zω) + vu −Xω

j ωcH
)∑

i

(1−Di)Pij(s̄
0
j (s̄−j), s̄−j)

+
(
p̄0
j (s̄

0
j (s̄−j), s̄−j | Xω, Zω) + vu −Xω

j ωcL
)∑

i

DiPij(s̄
0
j (s̄−j), s̄−j)

+ψPij(s̄
0
j (s̄−j), s̄−j),

and,

στ =

(∑
i

(1−Di)Pij(s̄
1
j (s̄−j), s̄−j)

)2

σ2
cH +

(∑
i

DiPij(s̄
1
j (s̄−j), s̄−j)

)2

σ2
cL+

(∑
i

(1−Di)Pij(s̄
0
j (s̄−j), s̄−j)

)2

σ2
cH +

(∑
i

DiPij(s̄
0
j (s̄−j), s̄−j)

)2

σ2
cL + σ2

κ

 1
2

.

Notice that, since Xω
j and Zωj are observed by everyone in the game, school j’s cost structure

is private information only because the stochastic part of the cost terms,
(
uc

H

j , uc
L

j , u
κ
j

)
, is unob-

served by j’s competitors. That is, school j’s type is given by the realization of its idiosyncratic

error terms.

Identification proceeds as follows. The term p̄1
j (s̄

1
j (s̄−j), s̄−j | Xω, Zω) is the conditional

mean of a normal censored (from below at zero) variable. Normality and variation from the

observables ensures the identification of ωcH and σcH . Furthermore, the model is overidentified,

because theory imposes the coefficient accompanying the markup term
∑
i(1−Di)Pij(s̄1j (s̄−j),s̄−j)∑
i(1−Di)

∂Pij(s̄1
j
(s̄−j),s̄−j)

∂pj

to be equal to one. A similar argument identifies ωcL and σcL . From the probit assumption

for τ̄j(s̄j(s̄−j), s̄−j | Xω, Zω), variation in Zωj identifies ωκ
στ

. The coefficients accompanying the

school’s payoffs, U1
j

(
s̄1
j (s̄−j), s̄−j | Xω, Zω

)
and U0

j

(
s̄0
j (s̄−j), s̄−j | Xω, Zω

)
, are constrained to

be one by the theory, which allows the identification of ωκ and σκ, separately. The relative

40



importance of enrollment in school’s payoffs, ψ, is identified from variation in Pij(s̄
1
j (s̄−j), s̄−j)

and Pij(s̄
0
j (s̄−j), s̄−j). Exogenous variation from the use of instruments in (Xω, Zω) aids with

identification of the paramaters. I utilize the same instrumental variables as those used to identify

the demand parameters. In particular, I include the local share of private competitors, labor costs,

and pre-reform competitors’ fees in the vector of covariates determining marginal costs, while

pre-reform share of low-income students, an indicator for ex-ante positive profits from joining

program, and pre-reform competitors’ fees are the instruments included in Zω.

Both cross-market and within-market variation are exploited to separately pin down the pa-

rameters of the supply side. Intuitively, cross-market variation (differences in market size, the

share of low-income students, local wage levels, pre-reform competitor fees, and the density

of private competitors) generates exogenous shifts in schools’ cost shifters and in the compo-

sition of demand. These shifts move schools’ observed participation, fees and enrollments in

predictable ways and therefore identify the parameters that govern marginal costs, the distribu-

tional variances, and the fixed cost of participation. In addition, the vector of cost determinants,

(Xω, Zω), contains market fixed effects to capture unobserved market heterogeneity. On the

other hand, within-market variation (the cross-sectional dispersion of fees, participation choices

and enrollment shares across schools facing the same market-level demand) identifies markups,

price-elasticities and the role of the enrollment weight (ψ) in schools’ objective function: condi-

tional on the same market demand, differences in schools’ observable covariates and instruments

reveal how strategic interactions translate into observed prices and take-up decisions.

I utilize a Generalized Method of Moments (GMM) routine to estimate the parameters in

the supply. I combine GMM with a Mathematical Programming with Equilibrium Constraints

(MPEC; Dubé et al., 2012; Su and Judd, 2012) approach, that minimizes the objective function

of moment conditions subject to markets’ equilibria, i.e. fixed point of schools’ best-responses in

each market. The estimation combines market-level moments that exploit cross-market exogenous

shifts with school-level moments that exploit within-market cross-sectional variation. I choose
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the following sample moments to construct the GMM objective function,

gτ =
1∑M

m=1 Jm

M∑
m=1

Jm∑
j=1

Zω′j (τj,m − τ̄j,m(s̄j,m(s̄−j,m), s̄−j,m | Xω, Zω)) , (12)

gpL =
1∑M

m=1 Jm

M∑
m=1

Jm∑
j=1

Xω′
j

(
pLj,m − p̄Lj,m(s̄j,m(s̄−j,m), s̄−j,m | Xω, Zω)

)
, (13)

gpH =
1∑M

m=1 Jm

M∑
m=1

Jm∑
j=1

Xω′
j

(
pHj,m − p̄Hj,m(s̄j,m(s̄−j,m), s̄−j,m | Xω, Zω)

)
, (14)

gτ,q =
1∑M

m=1 Jm

M∑
m=1

Jm∑
j=1

(
Jm∑Jm
j=1 τj,m

τj,mqj,m−

Jm∑Jm
j=1 τ̄j,m

τ̄j,m(s̄j,m(s̄−j,m), s̄−j,m | Xω, Zω)qj,m

)
, (15)

gmpL,q =
1

M

M∑
m=1

 1

Jm

Jm∑
j=1

pLj,mqj,m − p̄Lj,m(s̄j,m(s̄−j,m), s̄−j,m | Xω, Zω)qj,m

 , (16)

gmpH ,q =
1

M

M∑
m=1

 1

Jm

Jm∑
j=1

pHj,mqj,m − p̄Hj,m(s̄j,m(s̄−j,m), s̄−j,m | Xω, Zω)qj,m

 , (17)

where τj,m is actual program participation, and pLj,m = τj,m0 + (1− τj,m)pj,m and pHj,m = pj,m are

actual effective fees for low- and high-income students, respectively, with pj,m the fees observed

in the data. Variables p̄Lj,m = τ̄j,m0 + (1 − τ̄j,m)p̄0
j,m and p̄Hj,m = τ̄j,mp̄

1
j,m + (1 − τ̄j,m)p̄0

j,m are

the corresponding model’s analogs for effective prices. Scalar Jm is the total number of private-

voucher schools in market m. Sample moment (12) is implied by the orthogonality condition

between the error term and the observables Zω. Moments (13) and (14) are similarly motivated.

Moment (15) compares actual quality levels of participants with those implied by the model.

Market-level moments (16) and (17) minimize the difference between actual market-level averages

and those implied by the model for the product of school quality and effective fees for low- and

high-income students, which capture some of the cross-market correlation between quality and

prices.

The MPEC algorithm simultaneously searches over parameters and endogenous variables to

minimize the objective function subject to equilibrium conditions to be satisfied. As in many

industrial organization applications, this problem is sparse, since the equilibrium conditions need

to hold for each market separately. The sparsity of the problem allows to find a solution relatively

quickly compared to other approaches such as Nested Fixed Point algorithms, that require solving
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for equilibria at each guess of the parameters (Dubé et al., 2012; Su and Judd, 2012).22 Appendix

D describes the estimation procedure in more detail.

6 Results and Policy Analysis

6.1 Estimates

6.1.1 School Quality

I perform estimation imposing a selection-on-observables assumption (Allende, 2019; Allende

et al., 2019; Neilson, 2025), where I run a linear regression of test scores on a large set of observable

characteristics and school indicators, market by market. I use the student-level average of 4th

grade national standardized scores in verbal and math exams. The set of covariates I include

in the regressions are gender, low-income status, grade repetition, mother’s education, father’s

education, household income, having attended pre-K, having attended kindergarten, computer

availability at home, internet availability at home, indigenous status, number of books at home,

and class attendance. For brevity, I do not present each market’s estimates, but they are available

upon request.

As described in Section 5, I use a parametric normal-normal procedure to shrink the school-

quality estimates obtained from the test score regressions (Walters, 2024). Figure E.1 in Appendix

E compares the original and shrunk school-quality estimates. Similar to the results in Neilson

(2025), I find very small differences between the original and shrunk estimates. This finding is due

to the reasonably large size of schools in my sample—i.e. the number of students taking the tests

per school—which reduces bias due to sampling variance in the quality estimates. Nonetheless,

in the remainder of my empirical analysis I use the shrinkage-adjusted quality estimates.

I summarize the shrunk school-quality estimates using density plots. Notable patterns emerge

when the quality distribution is separated by schools’ administrative category. Panel A in Figure

4 shows that the quality distribution for private non-voucher schools is shifted to the right of

that for private-voucher schools, which in turn is shifted to the right of the distribution for public

schools. Nevertheless, there is substantial overlap between the quality distributions of public and

private-voucher schools. These results are consistent with the evidence in Neilson (2025), who

uses similar data and a similar procedure to estimate school quality.

Also noteworthy is the difference in quality distributions between private-voucher schools that

participate in the targeted voucher program and those that do not. Panel B in Figure 4 shows

22In practice, I implement the GMM-MPEC routine in MATLAB/TOMLAB using the professional solver KNITRO.
I provide the automatic differentiated Jacobian and (approximated) Hessian using TOMLAB’s TomSym package.
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that the program attracted many low-quality schools. While there is some overlap between the

two groups’ distributions, most high-quality schools chose not to participate in the program.

Figure 4: Distribution of School Quality

A. By management B. By program participation
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Notes: Panel A displays nonparametric estimates of the distribution of school quality by the schools’ administrative

category. Panel B displays nonparametric estimates of the distribution of school quality for private-voucher schools by

participation status in the targeted program.

6.1.2 Preferences

First Stage. As stated in Section 5, I estimate the first stage regressions for the endogenous

variables (top-up fees and program participation) using instrumental variables and school char-

acteristics. Table 5 presents the results for the low- and high-income student versions of equation

(8)’s first stage. The excluded instruments are strong predictors for both endogenous variables,

as indicated by the high F-statistics. The local share of eligible students and the ex-ante profit

indicator are positively associated with program participation, while local competition and labor

costs affect top-up fees as expected—i.e. schools best-respond to more competiros by lowering

fees, and increase their price when faced to rising costs. Historically high-fee markets predict

post-reform high fees and low participation rates. Quality and other school characteristics also

play a role in both decisions. These first stage estimates confirm the relevance and validity of the

chosen instruments for the subsequent 2SLS estimation of mean preference parameters.23

23Sargan overidentification tests on excluded instrument were perfomed for each set of first stage regressions, rejecting
the null hypothesis of exogeneity in the full set of instruments.
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Table 5: First Stage Estimates

top-up fees program participation
coef. std. err. coef. std. err.

A. Low-income
pre-reform share of low-income students 0.006 0.044 0.130 0.029
local share of private competitors -0.163 0.032 0.086 0.021
pre-reform competitors’ fees 0.265 0.024 -0.078 0.016
ex-ante profit ≥ 0 -1.351 0.041 0.572 0.028
labor costs 0.005 0.059 -0.022 0.040
quality 0.057 0.018 -0.042 0.012
secular -0.007 0.018 0.002 0.012
public -0.156 0.023 0.210 0.016
full day shift 0.067 0.027 -0.020 0.018
intercept 1.479 0.054 0.154 0.037

F excluded IV 278.34 112.61

B. High-income
pre-reform share of low-income students 0.344 0.116 0.141 0.039
local share of private competitors -0.985 0.076 0.130 0.026
pre-reform competitors’ fees 0.558 0.028 -0.028 0.010
ex-ante profit ≥ 0 -2.155 0.061 0.515 0.021
labor costs 0.588 0.128 -0.086 0.043
quality 0.195 0.044 -0.101 0.015
secular 0.040 0.044 0.004 0.015
public -0.687 0.058 0.348 0.020
full day shift 0.228 0.064 -0.042 0.022
intercept 2.799 0.104 0.072 0.035

F excluded IV 638.40 192.40

no. of schools 2,069

Notes: Results from the first stage of 2SLS estimation of mean preference parameters. Panel A displays estimates from

schools’ top-up fees and program participation on instruments and school characteristics, weighting each observation

by the inverse of the maximum likelihood-estimated variance of the school fixed effect for low-income students. Panel

B does analogously for the estimated school mean preference for high-income students. Fee amounts are in real $1,000

for the year 2013, and were transformed from CLP to USD according to the exchange rate as of March 1, 2013 (472.96

CLP/USD).

Preferences’ parameters. I present estimates for families’ preferences in Table 6, separated

by low- and high-income. Within each family income group, preferences for most school charac-

teristics are allowed to vary by mother’s educational level, where the omitted category is “more
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than high school.” Low-income families are more price sensitive than higher-income families,

which is consistent with the evidence in related studies (Neilson, 2025). There is also important

heterogeneity within each family income group: families with less educated mothers are more re-

sponsive to price changes than families with more educated mothers. Interestingly, most families

have a distaste for schools that participate in the targeted program, especially among high-income

households, implying a “stigma” consequence of program participation. One possible explanation

is that program participation changes peer composition (e.g., by attracting more low-income stu-

dents) and that families are not indifferent to peers, but participation may also proxy for other

school attributes valued by higher-income families.24 Both low- and high-income families value

higher levels of school quality, although estimates suggest that this attribute is more important

for higher-income families. Preferences for secular, public, and full day shift schools also vary by

income and mother’s education. Both low- and high-income families prefer schools that are closer

to their homes, with the effect being stronger for higher-income families. Overall, the estimates

highlight significant heterogeneity in school choice preferences across socioeconomic and mother’s

educational backgrounds.

24While interesting, distinguishing whether the stigma originates from preferences for peers versus other channels is
outside the scope of this paper.

46



Table 6: Estimates from Demand Model
low-income high-income

coef. std. err. coef. std. err.

fees -0.591 0.233 -0.121 0.051
fees × mother’s education: less than high school -0.980 0.060 -1.169 0.029
fees × mother’s education: high school -0.357 0.036 -0.428 0.012
fees × mother’s education: missing -0.029 0.044 0.046 0.014
in targeted program -1.060 0.544 -2.218 0.273
in targeted program × mother’s education: less than high school 1.047 0.069 0.862 0.000
in targeted program × mother’s education: high school 0.619 0.056 0.678 0.037
in targeted program × mother’s education: missing 1.183 0.101 0.977 0.077
quality 0.040 0.035 0.417 0.049
secular 0.037 0.033 0.018 0.043
secular × mother’s education: less than high school 0.047 0.036 -0.050 0.037
secular × mother’s education: high school 0.049 0.035 -0.082 0.029
secular × mother’s education: missing 0.166 0.051 0.011 0.050
public -0.906 0.085 -0.378 0.091
public × mother’s education: less than high school 1.003 0.042 0.762 0.046
public × mother’s education: high school 0.355 0.041 0.248 0.039
public × mother’s education: missing 0.983 0.059 1.055 0.068
full day shift 0.022 0.049 0.103 0.064
full day shift × mother’s education: less than high school 0.134 0.052 0.001 0.054
full day shift × mother’s education: high school -0.011 0.050 -0.146 0.042
full day shift × mother’s education: missing -0.002 0.074 -0.215 0.079
distance -0.053 0.001 -0.046 0.000
distance × mother’s education: less than high school 0.046 0.001 -0.085 0.001
distance × mother’s education: high school 0.045 0.001 -0.036 0.001
distance × mother’s education: missing -0.465 0.008 -0.019 0.001
distance: non-missing 0.070 0.061 -0.011 0.073
intercept 0.884 0.462 1.500 0.207

no. of students 77,656

Notes: Results from maximum likelihood estimation of distance and preference heterogeneity by mother’s education,

and from 2SLS estimation of mean preference parameters. Omitted mother’s level of education category is “more than

high school”. The distance from home to school variables are the interaction of a dummy for non-missing and the

corresponding distance variables. The non-missing dummy variable is also added in the model. Distance is measured

in 100 meters. Fee amounts are in real $1,000 for the year 2013, and were transformed from CLP to USD according to

the exchange rate as of March 1, 2013 (472.96 CLP/USD).

Willingness to pay for school attributes. To complement the demand estimates, I compute

families’ willingness to pay (WTP) for school attributes by dividing the corresponding estimated

coefficients by the negative of the price coefficient, for each income group and mother’s education
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level (Berry et al., 1995; Petrin, 2002). Table 7 presents these results. In general, high-income

families are willing to pay substantially more than lower-income families for desirable school

attributes. Also, within each socioeconomic group, more educated mothers value more these

attributes than less educated mothers. One striking difference among socioeconomic groups is

observed for what I call the “stigma” effect of program participation. While low-income students

with mothers with no formal education are almost unresponsive to the school’s participation

decision, high-income students with highly educated mothers are willing to pay up to $18,331 to

avoid enrolling in a participating school. School quality is also an attribute for which high-income

families are willing to pay amounts that are orders of magnitude higher than what lower-income

households would pay, and for which vulnerable students are not very responsive to improvements

in—e.g. while low-income families are willing to pay up to $68 for an additional standard deviation

in school quality, many high-income families would pay more than $3,500.25 For secular, public,

and full day shift attributes, WTP also varies considerably by household’s income and educational

level—e.g while low-income families with mother’s with no formal education are willing to pay

$62 for their child to attend a public school, high-income families with highly educated mothers

need to be paid $3,124 to choose a public school. Every family needs to be paid to increase the

distance from their residence to the the school; however, high-income families are willing to pay

more than low-income households for a school closer to their home.

25A similar heterogeneity in willingness to travel across socioeconomic background result is found in Crema (2024)
from the Charlotte-Mecklenburg Schools district in the US.
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Table 7: Willingness to Pay for School Attributes

low-income high-income

In targeted program
mother’s education: less than high school -8 -1,051
mother’s education: high school -465 -2,805
mother’s education: more than high school -1,794 -18,331
mother’s education: missing 198 -16,547

Quality
mother’s education: less than high school 25 323
mother’s education: high school 42 760
mother’s education: more than high school 68 3,446
mother’s education: missing 65 5,560

Secular
mother’s education: less than high school 53 -25
mother’s education: high school 91 -117
mother’s education: more than high school 63 149
mother’s education: missing 327 387

Public
mother’s education: less than high school 62 298
mother’s education: high school -581 -237
mother’s education: more than high school -1,533 -3,124
mother’s education: missing 124 9,027

Full day shift
mother’s education: less than high school 99 81
mother’s education: high school 12 -78
mother’s education: more than high school 37 851
mother’s education: missing 32 -1,493

Distance
mother’s education: less than high school -4 -102
mother’s education: high school -8 -149
mother’s education: more than high school -90 -380
mother’s education: missing -835 -867

Notes: Willingness to pay for school attributes is calculated by dividing the corresponding estimated coefficient from

the demand model by the negative of the estimated price coefficient, for each of low and high-income students, and for

different levels of mother’s education within those groups. Willingness to pay is in real USD for the year 2013, and were

transformed from CLP to USD according to the exchange rate as of March 1, 2013 (472.96 CLP/USD).
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6.1.3 School Costs

I estimate schools’ cost structure using a 10% random sample of students and all schools per

market. Using a random subsample of students substantially improves the computational speed

of the estimation algorithm—which is especially useful when bootstrapping standard errors—at

the cost of some precision. Estimated coefficients and bootstrapped standard errors for schools’

marginal costs and participation costs are presented in Table 8. I implement a block bootstrap

with 50 resamples, sampling markets with replacement (Singleton, 2019; Dinerstein and Smith,

2021). For each marginal cost and participation cost function, I include as covariates a set of school

characteristics and the same instruments used to instrument fees and program participation in

the demand model. Specifically, I include indicators for religious orientation, for-profit status, and

chain membership. In addition, the participation cost function includes pre-reform enrollment to

scale the fixed cost of participation at the school level. The marginal cost functions include the

local share of private competitors, a measure of local wages, and pre-reform competitors’ fees as

cost shifters. The participation-cost function also includes competitors’ pre-reform fees as a cost

shifter, and adds the pre-reform share of low-income students and an indicator for whether it is

ex-ante profitable to join the program.

The top panel of Table 8 presents estimates for the marginal cost functions associated with

educating low-income (cLj ) and high-income (cHj ) students. The estimated coefficients suggest

that secular schools are more efficient than religious schools in the production of education for

high-income students, but not so for low-income students. For-profit status considerably increases

cLj , but decreases cHj . Relatedly, Sánchez (2024) and Boggiano et al. (2025) document efficient

input use and test score production by for-profit schools, especially for high-ability adolescents.

Chain membership is associated with a reduction in efficiency in the production of education.

The instruments’ effects on marginal costs are intuitive and consistent with demand estimates:

more competition incentivizes cost efficiency, higher input (labor) costs raises marginal costs,

historically high-fee neighborhoods are associated with high production costs, especially in the

education of high-income students. The estimated standard deviations imply a much more dis-

persed distribution of cHj than that of cLj .

The middle panel reports estimates for the participation cost function, κj . Schools that are

secular and for-profit find it more costly to join the targeted program. The opposite is observed

for schools that are members of a chain. Pre-reform enrollment absorbs much of the school-size

variation in the fixed cost of participation and therefore has a positive estimated coefficient. The

cost shifters are strong predictors of participation cost and mirror the first-stage results of the

demand model reported in Table 5. In particular, a higher share of eligible students reduces costs

and thus incentivizes participation; likewise, a positive ex ante profitability indicator predicts

participation. Proximity to competitors with relatively high fees raises the costs associated with
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program participation.

The bottom panel presents the estimated weight on enrollment in schools’ objective function.

I find a reasonably large positive weight (about 1.9), which implies that, in addition to pure

profit considerations, schools place important value on attracting additional students. In other

words, a one-student increase in expected enrollment is valued similarly to a nontrivial increase

in operating margins, consistent with objectives that combine financial performance with scale

(e.g., mission, visibility, future positioning, or fixed-cost spreading). This finding is in line with

evidence from other educational contexts and industries in which service providers have objectives

that go beyond narrow, static profit (Hackmann, 2019; Singleton, 2019; Blanchard et al., 2025),

and it empirically justifies my modeling choice.
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Table 8: Estimates for Supply Model

coef. std. err. coef. std. err.

cLj cHj
secular 0.013 0.986 -0.030 0.203
for-profit 0.467 1.030 -0.006 0.348
belongs to a chain 0.022 1.041 0.016 0.323
local share of private competitors -0.185 1.485 -0.053 0.356
labor costs 0.762 3.522 0.060 0.783
pre-reform competitors’ fees -0.610 1.183 0.024 0.209
intercept -0.062 3.178 1.196 0.650
lnσc -7.504 15.605 -0.950 28.363

κj
secular 2.562 3.311
for-profit 1.097 4.234
belongs to a chain -4.045 5.286
pre-reform enrollment 5.659 7.170
pre-reform share of low-income students -25.315 12.030
ex-ante profit ≥ 0 -69.352 12.668
pre-reform competitors’ fees 14.756 15.366
intercept 48.712 2.358
lnσκ 2.678 3.397

ψ
enrollment weight 1.868 1.353

market fixed effects Y
no. of private-voucher schools 956

Notes: All supply parameters were estimated using a GMM-MPEC procedure. Standard errors were computed using a

block bootstrap, where 50 synthetic data sets were generated resampling markets. Costs are in real $1,000 for the year

2013, and were transformed from CLP to USD according to the exchange rate as of March 1, 2013 (472.96 CLP/USD).

Estimations include market fixed effects, whose corresponding estimates are shown in Table F.1 in Appendix F.

Figure 5 presents various plots describing schools’ estimated cost structure. Panel A displays

the predicted distribution of the fixed cost of participating in the targeted voucher program,

κ̂j . The average participation cost is substantial (about $23,649). Nevertheless, heterogeneity

across schools is significant: while most schools incur a positive participation cost, reaching up

to $145,000, one fifth are willing to pay to participate. Furthermore, 72% of the schools that

would pay to join the program are low-quality, as defined by schools in the bottom half of the

quality distribution. The average estimated participation cost for high-quality schools is $32,914,

about 2.6 times the mean participation cost of low-quality schools ($12,551), as shown in panel B.
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Panel C extends this analysis to the full quality distribution by plotting the relationship between

participation cost and quality; it reveals a steep positive slope, meaning that higher-quality schools

face higher costs of joining the program. This result aligns with evidence in Abdulkadiroglu

et al. (2018), who show a negative relationship between schools’ participation in the Louisiana

Scholarship Program and school quality. More importantly, this evidence contradicts one of the

original motivations for introducing progressive vouchers in Chile: bringing high-quality schools

closer to vulnerable students by attracting their participation and thus reducing the prices these

schools charge to low-income families.

One way to interpret a school’s participation cost is as a bureaucracy cost. As explained

above, schools that join the program receive additional funding tied to the enrollment of so-

cioeconomically disadvantaged students, but they are also required to prepare an improvement

plan with clear learning goals, evaluated in the medium term by the Ministry of Education. In

practice, many schools hire specialized education consulting organizations called ATE (Asistencia

Técnica Educativa) to help them prepare these plans. In addition, voucher payments depend on

students’ attendance, which schools must report to the government on a monthly basis. The

targeted voucher adds an extra layer of paperwork to schools’ administrative activities. Anec-

dotally, as part of my interviews with school managers, one respondent mentioned that joining

the targeted program forced the school to hire an additional administrative employee to handle

the extra paperwork. The annual salary of such a worker is about $20,000, which matches the

average participation cost estimated by my model.

Another interpretation of the participation cost relates to how closely the targeted program’s

goals align with a school’s own mission. For instance, a school whose mission is to serve vulnerable

students may find the program an attractive tool to accomplish its objectives. In contrast, a school

focused on teaching very high-ability students, or on educating student-athletes, may perceive

the targeted program as poorly aligned with its goals. Heterogeneity in Chilean schools’ missions,

goals, and administrative efficiency likely explains a large share of the heterogeneity in program

participation costs that my model estimates.

Panel D displays predicted marginal cost distributions for educating low-income (in light

orange) and high-income (in dark orange) students. In contrast to many related studies that

estimate marginal costs common to all students, my empirical approach and data allow me to

separately identify the costs associated with educating low- and high-income students, thereby

testing whether educational costs differ across these groups. I find that this is indeed the case. On

average, the marginal cost of educating a low-income student is $395, which is both lower than

the targeted voucher ($706) and the average marginal cost of educating a student from a higher-

income family ($1,000). Nevertheless, heterogeneity is again key, and some overlap between the

two distributions is observed.
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Figure 5: Estimated Cost Structure

A. κ̂j B. κ̂j by quality
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Notes: Estimated participation and marginal costs are in real $1,000 for the year 2013, and were converted from CLP

to USD using the exchange rate as of March 1, 2013 (472.96 CLP/USD). The mean values of distributions are indicated

by vertical dashed lines. The marginal cost distributions in panel D are trimmed for display to the range between the

2nd and 98th percentiles.

6.1.4 Model Fit

I test the goodness of fit of my model by comparing a set of key moments in the data with those

predicted by my model and estimates. Table 9 presents this comparison. I focus on schools’

equilibrium strategies, i.e. program participation rate, and averages of effective top-up fees for

low- (pLj = τj0 + (1 − τj)p0
j ) and high-income (pHj = τjp

1
j + (1 − τj)p0

j ) students. Additionally,

I include quality sorting in program participation and market-level averages of the product of

school quality and effective fees. The model matches the actual data very closely, especially

for schools program participation and fee strategies. The quality of participants and even the
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market-level covariation between quality and fees are also well approximated by my model. These

results indicate that the estimated model provides a good fit to the observed data and captures

the main features of schools’ strategic behavior and sorting patterns.26

Table 9: Goodness of Fit

actual model

program participation (τj) 0.679 0.679
effective top-up fees for low-income (pLj ) 262 269

effective top-up fees for high-income (pHj ) 349 345

quality of participants (qj | τj = 1) -0.009 0.007
1/Jm

∑
j(qj × pLj ) 76 69

1/Jm
∑

j(qj × pHj ) 92 84

Notes: This table displays averages for key model outcomes comparing actual data and model predictions. Program

participation (τj) is the share of private-voucher schools participating in the targeted voucher program. Effective

prices for low and high-income students (pLj = τj0 + (1 − τj)p0
j , p

H
j = τjp

1
j + (1 − τj)p0

j ) are average fees charged to

each group. Quality of participants is the average school quality among participating schools. 1/Jm
∑
j(qj × pLj ) and

1/Jm
∑
j(qj×pHj ) are market-level averages of the product of school quality and effective price for low- and high-income

students, respectively. Fees are in real $1,000 for the year 2013, and were transformed from CLP to USD according to

the exchange rate as of March 1, 2013 (472.96 CLP/USD). Quality is in standard deviations.

6.2 Policy Analysis and Counterfactuals

I am interested in understanding the equilibrium consequences of the actual targeted voucher pol-

icy on schools’ best-responses and incentives, and on students’ choices and welfare. I also explore

alternative, budget-neutral policy designs, that are intended to tackle some of the equilibrium

implications of the actual policy that are not necessarily in line with the original motivations of

the program. Finally, I examine the equilibrium effects of further expanding the targeted voucher

to enforce participation from all schools, and learn about the full potential of this policy design. I

perform all these exercises by computing simulations from the model and its estimated parametes.

As school-level outcomes in the counterfactuals, I consider equilibrium program participation

decisions, fee strategies (both posted and effective prices by students’ income group), markups,

26An additional test of how well the FCE assumption fits the data compares the school choice probabilities implied
by the estimated demand model using observed strategies with those implied by the same model using FCE strategies
in place of actual strategies (i.e., fees and program-participation choices/probabilities). Figure E.3 in Appendix E
shows the distributions (panel A) and a binscatter comparison (panel B). The distributions of actual and FCE school
choice probabilities are nearly indistinguishable; the binscatter reveals small differences at low probability values. These
differences mostly reflect underprediction arising from replacing ones with values below one in the program-participation
utility term of the indirect utility function. Overall, the FCE school choice probabilities closely match those implied by
the estimated demand model and the data.
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enrollment, and profits and utility (profits plus weighted enrollment). Effective fees are the

prices actually charged to each income group, and combine schools’ participation decision and

fee strategies with students’ eligibility condition in the following way: pLj = τj0 + (1 − τj)p0
j for

low-income families, and pHj = τjp
1
j + (1 − τj)p0

j for high-income. I define a school’s markup as

−Q/(∂Q/∂p), which may or may not be equivalent to the price (net of subsidies and enrollment

weight) minus the marginal cost, depending on whether the optimal fee strategy is an interior

or a corner solution in school’s problem—see equations (2) and (3). Nevertheless, this markup

definition mirrors that in Neilson (2025) and other related studies (Armona and Cao, 2024),

allowing comparison across studies and contexts.

At the student level, I examine the quality of the attended school, fees actually paid, enrollment

in private-voucher schools, and welfare. I compute each of these outcomes separately for low- and

high-income students. I calculate the quality of the attended school for a student by multiplying

the probability of attending a particular school, as implied by the demand model, with the quality

value of that school. Thus, the average attended school quality for income group d is:

Q (P | d) =
∑
i

∑
j

Pij (P | Di = d)× qj ,

where P refers to counterfactual policy P. Similarly, the average fees paid by student of income

group d under policy P is given by,

F (P | d) =
∑
i

∑
j

Pij (P | Di = d)× pdj ,

where pdj is the effective fees paid by a student of group d at school j.

The average student welfare is computed separately by income group using the conventional

log-sum formula for consumer surplus in USD terms (Nevo, 2003):

CS (P | d) =
1∑

i 1 [Di = d]

∑
i

ln
[∑

j exp (Vij (P | Di = d))
]

β1i
.

I also compute a second welfare measure, which I call “experience utility”, that substracts the

disutility from program participation to the consumer surplus formula,

EU (P | d) =
1∑

i 1 [Di = d]

∑
i

ln
[∑

j exp
(
Vij (P | Di = d)− β5iτ

ζ
j

)]
β1i

.

This “experience utility” is informative to policymakers wanting to evaluate consumer gains from

new policies focusing on experience as opposed to perception (Allcott, 2013; Armona and Cao,
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2024).

In addition, I track voucher expenditure per student and total government spending in order

to assess the fiscal implications of each policy scenario.

6.2.1 Actual Targeted Voucher Policy

I begin by comparing the actual scenario with one in which the targeted voucher is absent. This

comparison lets me track the transition from an equilibrium with only the universal voucher to

the equilibrium under the actual targeted voucher design—i.e. universal voucher plus targeted

voucher at the actual value—highlighting the mechanisms that operate through both extensive

(program participation) and intensive (pricing) margins.

At the school level, Figure 6 summarizes the key responses. As stated above, my model permits

simulating schools’ counterfactual strategies and outcomes, regardless of the actual choice—e.g.

for a school that chooses to accept targeted vouchers, I can simulate the fees it charges when

participating of the program, as well as the fees it would charge as a non-participant. I can

therefore thoroughly examine the equilibrium incentives at play. Each plot in Figure 6 presents

nine bars for schools’ equilibrium strategies/outcomes that are pooled into three groups of three

bars each: (i) counterfactual with no targeted vouchers, (ii) counterfactual with targeted vouchers

and in the regime the school participates in the program, and (iii) counterfactual with targeted

vouchers and in the regime the school does not participate in the program.27 Within each group,

the first bar plots the unconditional average strategy/outcome, the second bar plots the average

strategy/outcome for schools that join the program, and the third bar plots the average strat-

egy/outcome for schools that opt out. Note that strategies/outcomes in the scenario without

targeted vouchers are also examined unconditional and conditioning on actual participation (in

the scenario including targeted vouchers).

When the targeted voucher is introduced, schools’ counterfactual fee strategies decrease on av-

erage from E[pj ] = 653 to E[p1
j ] = 268 and E[p0

j ] = 478 in the participation and non-participation

regimes, respectively (panel A). However, selection into participation reflects an interesting mar-

ket segmentation result. First, as can be seen in Figure E.2 in Appendix E, participants are

in general of lower quality than non-participants—on average, participants’ quality is 0.007 s.d.

and non-participants’ quality is 0.211 s.d. Second, participants set lower counterfactual prices

when compared to non-participants, but more importantly, participants reduce their fees condi-

tional on participation—E[p1
j | τj = 1] = 112 < E[pj | τj = 1] = 647—while non-participants

27The plot in panel B differs slighty in the presentation of the results. The first group of bars shows effective fees
in the scenario without targeted vouchers, the second group shows effective fees charged to low-income students in the
scenario with targeted vouchers, and the third group shows effective fees charged to high-income students with the
targeted voucher policy in place.
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increase their fees conditional on non-participation—E[p0
j | τj = 0] = 839 > E[pj | τj = 0] = 666.

Consequently, some schools become cheaper (participants), while others (non-participants) turn

more expensive when targeted vouchers are in place. The “stigma” effect identified from demand

estimates (Tables 6 and 7) opens room for schools to charge high fees in the non-participation

regime, given that students are willing to pay large amounts to avoid enrolling in a participant

school. Consistent with the (partial) profit-seeking motive of schools, it is those that can charge

the highest fees that end up opting out, all else equal. On the other hand, participant schools must

lower the fees they charge to high-income students to compensate for the disutility associated to

the “stigma” from participation.28

Effective fees to each income group depend on schools’ strategies and students’ eligibility

status, i.e. pLj = τj0+(1−τj)p0
j for low-income families, and pHj = τjp

1
j+(1−τj)p0

j for high-income.

Equilibrium fee strategy responses to the targeted policy translate into lower effective prices on

average for both low- and high-income students (panel B)—average fees to low-income students

go from $653 to $270, whereas average fees to high-income students reduce to $345. Nevertheless,

each socioeconomic group faces a non-degenerate distribution of prices, that include cheaper and

more expensive schools relative to the scenario absent the targeted policy. Participants are forced

to charge zero to eligible students, but they also considerably reduce the fees they charge to

children from high-income families, counteracting the “stigma” effect on their demand. Non-

participants, on the other hand, become more expensive to everyone.

Counterfactual demand for schools in the in-program regime rises when targeted vouchers

are introduced, both unconditional and conditional on actual participation (panel C). On the

other hand, schools’ demand substantially reduces for participants and importantly rises for non-

participants in the non-participation regime, relative to the no-targeted voucher case. As a result,

participants slighlty increase their average enrollment (from 46 to 47 students), spurred from a rise

in low-income demand (panel D)—consistent with the zero-price constraint for eligible students—

and non-participants see a major expansion in their demand (from 33 to 41), benefitting from

the “stigma” effect from participation in high-income students’ demand (panel E). Notably, non-

participants would increase both their low-income and high-income demand were they to join the

program (panels D and E), but would do so at lower fees (panel A). In contrast, the “stigma”

effect attached to participation allows them to charge high fees without experiencing a dramatic

reduction in their demand when choosing not to join the program.

I define a school’s markup as −Q/(∂Q/∂p), and explore it by income segment in panels F and

G. Note that, because corner solutions in prices exist, what I call markups are not necessarily

equivalent to prices (net of subsidies and enrollment weight) minus marginal cost—see equations

28See Atal et al. (2024) for a similar market segmentation consequence in the retail pharmacy industry in Chile after
the introduction of public options.
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(2) and (3). Nevertheless, this markup definition is the same as the one used in Neilson (2025)

and other related studies, enabling comparison. My framework extends the analysis in Neilson

(2025) by identifying counterfactual markups, and examining them by students’ income segment

and schools’ participation regime.29 Average markups for low-income students decrease only in

participant schools (panel F), which is in line with the mandated zero-price for eligible students—

E[M1
j | τj = 1] = 925 < E[Mj | τj = 1] = 993—and the counterfactual low-fee charged by

these schools were they to opt out—E[M0
j | τj = 1] = 961 < E[Mj | τj = 1] = 993. In

contrast, non-participants enjoy a larger than absent the reform actual average markup for low-

income students only if they opt out—E[M0
j | τj = 1] = 982 and E[M0

j | τj = 0] = 1, 085 vs.

E[Mj | τj = 0] = 1, 006—which is explained by the “stigma” effect from participation and the

implied market segmentation result evidenced in panel A. Markups for high-income students are

reduced when compared to the no-targeted voucher scenario (panel G). The highest reduction in

average high-income markup is observed for participants (from $2,633 absent the reform to $1,890

with targeted vouchers), who also considerably reduce their price to compensate for the “stigma”

from participation effect (panel A). Once more, the targeted reform results in a segmented market,

where participants select into the program and enjoy lower markups than if they opted out, and

non-participants select the regime with the highest markups (non-participation).

Markups relative to marginal costs and vouchers are high when compared to other education

contexts. I estimate average actual markup/marginal cost ratios of 2.3–2.7 for low-income stu-

dents and of 1.9–2.6 for high-income. In contrast, Armona and Cao (2024) estimate 0.5 such a

ratio for the sub-baccalaureate market in the US. This finding suggests that there is still plenty

of room for increasing competition in Chile’s primary education industry.

The introduction of targeted vouchers in general raises both counterfactual profits and coun-

terfactual utility (profits plus weighted-enrollment) relative to the no-targeted-voucher baseline

(panels H and I)—only participants see a reduction were they not to join the program. With

targeted vouchers in place, participation yields higher profits and utility than non-participation,

for both actual participants and non-participants, but it is only the former who select into the

program and enjoy higher profits and utility. Conversely, non-participants select out, leaving

money and demand on the table. The role of the fixed participation cost is key in explaining this

sorting behavior. It is implied from panel I that non-participants bear a participation cost of at

least $32,000 (on average), or about a quarter of their utility in the non-participation regime.

On top of that, as was documented in Section 6.1.3, this participation cost positively correlates

with quality, resulting in a lower-quality pool of participant schools when compared to the overall

market.

29In contrast to Neilson (2025), I do not estimate nor focus on the quality markdown consequences of progressive
vouchers.
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Figure 6: Consequences of Actual Policy - School Level
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Notes: This figure displays schools’ average equilibrium strategies and outcomes under two counterfactual scenarios: (i) no targeted vouchers

and (ii) targeted vouchers at their actual 2013 level. In every panel, the first three bars correspond to the counterfactual with no targeted

voucher, unconditionald on actual participation in the targeted program choice, conditional on actual choice being participation, and con-

ditional on actual choice being non-participation; the fourth to sixth bars correspond to the counterfactual with targeted vouchers and in

the regime the school participates in the program (unconditional on actual choice, conditional on actual choice being participation, and

conditional on actual choice being non-participation); and the seventh to ninth bars correspond to the counterfactual with targeted vouchers

and in the regime the school does not participate in the program (unconditional on actual choice, conditional on the school actually being a

participant, and conditional on the school actually being a non-participant). Panels A–C: counterfactual fee strategies (p1
j , p

0
j ), effective fees

to each income group (pLj = τj0+(1− τj)p0
j , p

H
j = τjp

1
j +(1− τj)p0

j ), and total expected demand (4th grade). Panels D–E: decomposition of

demand into low- and high-income enrollment. Panels F–G: markups for low- and high-income segments. Panel H: expected profits. Panel

I: profits plus weighted enrollment. USD values were converted from CLP at 472.96 CLP/USD.60



At the student level, the targeted voucher policy generally benefits students in all income seg-

ments (Table 10). Both low- and high-income students on average attend schools of higher quality

once the targeted vouchers are introduced. Nevertheless, the increase in quality for low-income

students is relatively minor—about 0.003 s.d.—whereas high-income students experience a much

more important increase, of about 0.098 s.d. Average fees paid fall for the group of low-income

students (from $91 without targeted vouchers to $38 under the actual policy). On the other hand,

high-income students’ average paid fees nearly double, reflecting both their preference to avoid

participating schools and the price-based market segmentation result documented above. The

private-voucher sector expands enrollment, primarily due to participants’ lower effective prices

relative to the no-targeted-voucher baseline. Because families dislike attending participating

schools, measured welfare falls on average when the “stigma” component enters utility; removing

it reveals small welfare gains for both groups—$73 and $98 for low- and high-income students,

respectively. Finally, government spending per student naturally shifts toward low-income stu-

dents: average paid subsidies rise from $1,200 to $1,817 for low-income and fall from $1,083 to

$936 for high-income. This last figure together with the increase in the probability of attending a

private-voucher school indicates a flight from public schools to both the private-voucher and the

private-non-voucher sectors for non-vulnerable students.
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Table 10: Consequences of Actual Policy - Student Level

no targeted vouchers actual

School quality (s.d.)
low-income 0.074 0.077
high-income 0.130 0.228

Fees payed ($)
low-income 91 38
high-income 799 1,519

Attends private-voucher (probability)
low-income 0.607 0.632
high-income 0.406 0.450

Welfare ($)
consumer surplus - low-income 5,092 4,858
consumer surplus - high-income 29,432 24,371
experience utility - low-income 5,092 5,165
experience utility - high-income 29,432 29,530

Government expenditure ($)
low-income 1,200 1,817
high-income 1,083 936

Notes: This table shows student-level outcomes under two counterfactual scenarios: (i) no targeted voucher program

(only the universal voucher is in place); and (ii) the targeted voucher set at its actual 2013 level. School quality is the

average (in student-level s.d. units) of the quality of the attended school. Fees paid are average annual top-up fees

actually paid by students. “Attends private-voucher” is the probability that a student is enrolled in a private-voucher

school. Consumer surplus is the demand model-implied expected utility. Experience utility recomputes consumer

surplus by substracting the direct (dis)utility component associated to attending a participating school. Government

expenditure is the student-average voucher spending (universal plus targeted). Each outcome is shown by student

income group. USD values were converted from CLP at 472.96 CLP/USD.

In sum, the introduction of targeted vouchers produces notable changes in the market, via

school responses to incentives and competition, and students’ school choices. It attracts partici-

pation from a meaningful chunk of the private-voucher sector, but produces a segmented market:

lower-quality schools self-select into participation and cut prices, while higher-quality schools opt

out and raise prices to screen families averse to the program. Students benefit from the increase

in funds. Low-income students face much lower effective prices and enjoy slightly higher average

school quality, whereas high-income students pay higher prices and shift toward non-participant

schools with higher quality; measured welfare falls because of the stigma term, but experience
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utility (net of stigma) modestly increases for both groups.30

An open question is whether alternative policy parameters would produce equilibrium out-

comes that are better aligned with the original policy goals. The challenge of attracting high-

quality schools to join the program remains for the actual policy. The results from this section’s

analysis motivate designs that incorporate differentiated subsidies that are larger for schools of

higher quality. A fixed financial incentive to counteract the large participation cost faced by

high-quality schools is also appealing. Armona and Cao (2024) demonstrate that quality-varying

policies are useful in producing desired supply responses in the context of higher education in the

US. Similarly, Singleton (2019) evaluates a location-dependent subsidy design for charter schools

in Florida, that is successful in inducing charter schools to serve poor communities.

6.2.2 Alternative Targeted Voucher Designs

Motivated by the results from the preceding section, I evaluate three budget-neutral redesigns of

the targeted voucher intended to (i) raise the average quality of participating schools, and (ii)

preserve broad access for low-income students. The first design is a two-tier schedule on quality:

schools above the median of the quality distribution receive 150% the value of the actual targeted

voucher; schools at or below the median receive half the value of the actual voucher. The second

is a smooth, quality-indexed schedule, vt,lj = γq̃j , with slope chosen so that aggregate expenditure

matches the actual program—I calibrate γ = 0.57, and truncate at zero so the lowest-quality

school receives zero and all others receive a strictly positive amount. The third adds a fixed

participation incentive paid only conditional on joining, which I set to $20,000, consistent with

the average estimated participation cost (Figure 5) and with the annual salary cost of hiring

an extra (highly-educated) employee to manage the administrative work related to the targeted

program. This design also scales down the per-student targeted voucher to about half the actual

value, to keep total government spending approximately constant.

Table 11 shows that all three alternatives slightly adjust overall participation (remaining near

0.66–0.68) but shift the composition: the share of high-quality participants rises (from 0.62 to

0.64–0.68) and the mean quality of participants importantly increases (from 0.007 s.d. to between

0.032 and 0.057 s.d.). The fixed incentive design produces the largest improvement in participant

quality, followed by the two-tier and then the linear designs. Since there are schools that charge

zero even when out of the program, the share of tuition-free schools is higher than the share of

participants. The fixed incentive design is the only one that increases the share of tuition-free

schools, relative to the baseline (0.80 vs. 0.78). However, the average quality of tuition-free schools

is higher in all three resdesigns, with the highest increase produced by the fixed incentive (from

30Armona and Cao (2024) call experience utility the net indirect utility that removes a perceptual element (in their
case, utility from advertising). See, also, Allcott (2013).

63



0.022 to 0.034–0.055 s.d.). Average effective fees fall for both income groups, by about 2–16%

for low-income and 3–12% for high-income students—once more, the fixed incentive design has

the lowest fees, followed by the two-tier design. This is consistent with high-quality and high-fee

schools joining the program and therefore lowering their fees, together with some lower-quality

and zero-fees schools opting out.

Student-level average school quality changes little for the low-income group, with the fixed

incentive design being the only redesign that slightly increases the quality of the school attended

(from 0.077 to 0.078 s.d.), despite the considerable shift in the pool of participants at the school

level. The low willingness to pay of low-income students for the various school attributes (Table

7) explains this small change in the quality of the attended school: only large enough changes

in school characteristics will induce low-income students to switch schools, and consequently to

experience different school attributes. This is not the case for higher-income students, who are

willing to pay significant amounts for improving the school attributes they experience. This more

socioeconomically advantaged group of students see a decrease in attended school quality, from

0.228 to 0.211–0.216 s.d. on average, which is explained by their strong aversion to participant

schools combined with the reduction in the quality of non-participants. Low-income students pay

roughly the same across designs—consistent with their relative immobility already evidenced—

whereas higher-income students pay slightly less, with the highest effect found under the fixed

incentive design (from $1,519 to $1,491–1,514), due to the observed reduction in effective fees.

Average consumer surplus for the low-income group improves slighlty in all three redesigns, with

the largest improvement under the fixed incentive scheme (of about $27). The higher mobility of

high-income students translate into larger differences in average consumer surplus across designs.

While the linear scheme reduces this group of students’ consumer surplus by $8, both the linear

and the fixed incentive schemes produce gains of $21 and $75, respectively.
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Table 11: Counterfactual Results from Alternative Designs

actual 1.5vt,0 | qj > p50 linear fixed
vt,0 0.5vt,0 | qj ≤ p50 vt,l = 0.57 · q̃j incentive

School-level
program participation (share) 0.679 0.663 0.669 0.679
program participation - high-quality (share) 0.616 0.647 0.637 0.675
quality - participants (s.d.) 0.007 0.043 0.032 0.057
free to low-income students (share) 0.776 0.774 0.773 0.797
quality of tuition-free schools (s.d.) 0.022 0.040 0.034 0.055
effective fees to low-income students ($) 270 256 264 228
effective fees to high-income students ($) 345 335 341 305

Student-level
school quality - low-income (s.d) 0.077 0.074 0.076 0.078
school quality - high-income (s.d) 0.228 0.211 0.216 0.214
fees payed - low-income ($) 38 38 38 37
fees payed - high-income ($) 1,519 1,504 1,514 1,491
consumer surplus - low-income ($) 4,858 4,867 4,861 4,885
consumer surplus - high-income ($) 24,371 24,392 24,363 24,446

Notes: This table shows results from counterfactual exercises that test alternative targeted voucher designs. The first

column presents outcomes for the actual targeted voucher program. The second column presents results for a voucher

scheme that pays 150% of the value of the actual targeted voucher to schools in the upper half of the quality distribution

and 50% of the value of the actual voucher to schools in the bottom half of the quality distribution. Column three shows

equilibrium results for a scheme that pays a higher amount to higher-quality schools in a linear fashion, with a slope of

0.61, and with the constraint that the lowest-quality school receives zero and all other schools receive strictly positive

amounts. In the last column, private-voucher schools that decide to join the program receive a fixed amount of USD

20,000, and the targeted voucher is set to 49% of the actual value. Each value shows the average over the schools’ or

the students’ distributions. the USD values were converted from CLP at 472.96 CLP/USD.

In sum, modest quality differentiation in voucher amounts or a calibrated fixed participa-

tion incentive improves the quality mix of participants and zero-fee options without materially

increasing fiscal cost. The fixed incentive approach yields the largest gains and stronger price

reductions, suggesting that directly offsetting participation costs for higher-quality schools is a

relatively efficient lever. On the student side, low-income students prove quite unresponsive to

modest changes in the supply, resulting in little variation in their outcomes and welfare. In other

words, budget-neutral redesigns of the actual policy are practically insufficient in making mean-

ingful improvements on vulnerable students, despite these policies’ sizable effects on the supply

side.
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6.2.3 Full Expansion Reform

The implications from the introduction of the actual targeted policy, as well as those from the

simulated alternative budget-neutral redesigns motivate the analysis of a full expansion of the

targeted voucher. The actual policy represented a major budgetary increase that delivered sizable

gains for low-income students. In contrast, despite significant responses on the supply side,

budget-neutral redesigns are not capable of notably improving outcomes/welfare for low-income

students. The natural next step is then to examine the consequences of a full expansion of the

current targeted policy, in which all private-voucher schools must join the targeted program and

charge zero top-up fees to low-income students, keeping both the universal and targeted vouchers

at its actual levels.

I compare the implications of this full expansion to the ones under the actual design and

the baseline without targeted vouchers. Table 12 summarizes the results. At the school level,

participation reaches one by construction, and all schools are free to low-income students. The

average quality of these tuition-free schools for low-income students is simply the average of

all schools’s quality, which is higher than the market-segmented actual policy (0.073 vs. 0.022

s.d.). Average effective fees for low-income students falls to zero, whereas that for high-income

students rises relative to the actual policy ($556 vs. $345). This increase in fees for non-vulnerable

students is implied by the reduced differentiation among schools: since all schools are mandated

to participate, there are no schools that are free from the participation stigma any more—i.e. non-

participants—and participants do not have to lower their prices as much to become attractive to

high-income students relative to non-participants as is the case with the current policy.

On the student side, the average quality of the attended school for low-income students in-

creases by 6% relative to the actual policy (0.082 vs. 0.077 s.d.), which is larger than the 4%

increase from the baseline to the actual program. Low-income families’ paid fees mechanically

drop to almost zero with the mandated participation, and these students are slightly more likely

to enroll in a private-voucher school relative to the actual program, benefitting from the man-

dated zero fees at public and subsidized private schools. High-income students see a sizable

decline in both school quality and paid fees to levels on average at par with those in the scenario

without targeted vouchers—0.122 s.d. and $810 under mandated participation vs. 0.228 s.d. and

$1,519 under the actual policy. Correspondingly, these students’ likelihood of attending a private-

voucher schools reduces from 45% under the actual policy to 38%, also approaching the baseline

without targeted vouchers (41%). Once more, by eliminating the participation/non-participation

differentiation dimension introduced by the actual policy, the full expansion restores the baseline

competition of schools for high-income students, who choose schools of similar quality and price

than in the scenario without targeted vouchers. Average experience utility for low-income stu-

dents rises under the full expansion by about $44, or 60% of the corresponding increase from the
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baseline to the actual policy. In contrast, high-income students reduce their average experience

welfare by $104, at par with the level under the scenario without targeted vouchers.

Fiscal costs increase meaningfully, by about 8% relative to the actual policy ($117,633 vs.

$108,506), which is fully explained by the additional funds required to enroll the one third of

schools that initially chose not to join the current program.

Table 12: Counterfactual Results from Major Expansion Reforms

no targeted vouchers actual mandated participation

School-level
program participation (share) 0.000 0.679 1.000
free to low-income students (share) 0.467 0.776 1.000
quality of tuition-free schools (s.d.) 0.087 0.022 0.073
effective fees to low-income students ($) 653 270 0
effective fees to high-income students ($) 653 345 556

Student-level
school quality - low-income (s.d) 0.074 0.077 0.082
school quality - high-income (s.d) 0.130 0.228 0.122
fees payed - low-income ($) 91 38 5
fees payed - high-income ($) 799 1,519 810
attends private-voucher - low-income (probability) 0.607 0.632 0.637
attends private-voucher - high-income (probability) 0.406 0.450 0.381
experience utility - low-income ($) 5,092 5,165 5,209
experience utility - high-income ($) 29,432 29,530 29,426

Government-level
total expenditure ($1,000) 88,966 108,506 117,633

Notes: This table reports equilibrium outcomes under three scenarios: (i) no targeted voucher (only the universal voucher

at its 2013 level), (ii) the actual 2013 policy, and (iii) enforced participation (i.e. all private-voucher schools required to

join the targeted program and charge zero top-up to low-income students). School-level rows are averages across schools.

“Quality of tuition-free schools” refers to schools that are free to low-income students. “Effective fees” are the prices

actually faced by each income group, pLj = τj0 + (1 − τj)p0
j and pHj = τjp

1
j + (1 − τj)p0

j . “Free to low-income” is the

share of schools with pL = 0. Student-level rows are averages across students. “Experience utility” is the inclusive value

(log-sum) in dollar units, removing the direct (dis)utility of attending a participating school. “Government expenditure”

is total universal plus targeted payments. USD values use 472.96 CLP/USD.

Contrary to budget-neutral redesigns, fully expanding the targeted voucher program to enforce

participation from all private-voucher schools delivers substantially larger improvements in low-

income students’ outcomes/welfare. Mandating participation shifts the entire private-voucher

sector onto the “participant” regime, eliminating the participation margin but preserving schools’
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pricing responses. This policy forces all private-voucher schools to charge zero fees to low-income

students and raises the average quality of the schools that are free to these students. Relative

to both the no-targeted-voucher baseline and the actual policy, low-income families face strictly

lower effective prices and attend higher-quality schools.

High-income students, in contrast, lose the option to avoid participating schools and face

higher effective fees (moving back toward the no-targeted-voucher benchmark) and lower average

school quality, as the quality gap between participant and non-participant schools disappears.

Overall, forcing all private-voucher schools into the targeted program is an effective way to

improve access and moderately raise school quality for vulnerable students, but it requires a

sizeable increase in public spending and redistributes surplus away from higher-income families

who lose access to non-participating, high-fee, high-quality schools.

7 Conclusions

I have examined the equilibrium consequences of Chile’s targeted voucher policy using a structural

model of school demand and competition with endogenous participation and pricing decisions,

combined with rich administrative microdata. The policy, which layers a means-tested voucher

on top of a universal per-student subsidy, was intended to expand access for low-income stu-

dents to higher-quality private-voucher schools by compensating schools financially for enrolling

disadvantaged children and capping (at zero) the fees they may charge to eligible students.

The analysis shows that the targeted voucher meaningfully changes both schools’ and families’

behavior relative to a system with only a universal voucher. On the supply side, a sizable

share of private-voucher schools select to participate, but participation is strongly negatively

selected on quality: higher-quality schools face substantially higher fixed “participation costs”

and therefore are less likely to join. Participating schools lower top-up fees, particularly for

high-income students, while non-participants raise them, leading to a segmented market in which

lower-quality schools tend to be low-price participants and higher-quality schools tend to be

high-price non-participants.

On the demand side, both low- and high-income families value quality and proximity, but

they differ markedly in price sensitivity and in their valuation of program participation. Low-

income households are very price-sensitive and value free or heavily subsidized options; however,

their willingness to pay for improvements in quality is modest. High-income households are less

price-sensitive but place substantial weight on avoiding schools that participate in the targeted

voucher program, generating a sizable “stigma” effect attached to participation. As a result,

when the program is introduced, low-income students benefit from sharply lower effective fees

and modestly higher average quality, while high-income students resort toward non-participating,
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higher-quality schools and face higher effective prices.

The estimated cost structure clarifies why high-quality schools rarely join the program. The

fixed cost of participation is large on average and increasing steeply in school quality. Marginal

costs also differ by student socioeconomic group: it is more costly to educate high-income students

than low-income students in this setting. Schools place substantial weight on enrollment in their

objective function, in addition to profits, which helps explain their strong responses on both the

intensive (pricing) and extensive (participation) margins when subsidies change.

Policy counterfactuals indicate that modest, budget-neutral redesigns of the targeted voucher—

such as quality-differentiated per-student subsidies or a fixed participation incentive plus a lower

per-student voucher—can raise the average quality of participating and tuition-free schools and

reduce effective prices. However, these designs have only limited impact on the quality of schools

actually attended by low-income students and on their welfare, because low-income households

have low willingness to pay for observed school attributes and thus move only in response to

very large changes in school characteristics or prices. In contrast, a full expansion that mandates

participation by all private-voucher schools, while preserving existing voucher amounts, delivers

appreciable gains for low-income students: all private-voucher schools become free for eligible

students, and the average quality of tuition-free options rises. These gains come at a nontrivial

fiscal cost and at the expense of high-income families, who lose access to non-participant high-fee,

high-quality schools and reallocate toward schools resembling those under a system with only the

universal voucher.

Overall, the evidence suggests that Chile’s targeted voucher program, as implemented, suc-

ceeds in lowering effective prices and slightly improving school quality for low-income students,

but it does so through a market segmentation mechanism that attracts a relatively low-quality set

of private-voucher schools into the program while leaving many high-quality schools out. More-

over, equilibrium sorting and the stigma attached to participation dampen the welfare gains that

the policy could have delivered. Carefully designed quality-dependent subsidies or fixed incentives

that directly offset participation costs can improve the quality mix of participating schools with-

out large increases in total spending, but sizable improvements in outcomes for disadvantaged

students require either stronger financial commitments or additional policy instruments targeting

school quality and families’ perceptions.

The framework developed in this paper—combining a rich demand system with a supply model

that endogenizes both participation and pricing—provides a flexible toolkit for evaluating not only

voucher-like policies in education, but an expanding set of policies with voluntary participation

on the supply side, where the ultimate impact of these policies depends on how many suppliers

participate, and on the characteristics of these participants (e.g. low- vs. high-quality)—see

Abdulkadiroglu et al. (2018) and Singleton (2019) for voucher and charter school programs in the
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US, Dinerstein and Smith (2021) for NYC’s public schools funding reform, Neilson et al. (2022),

Barahona et al. (2025b) and Pal (2025) for examples in higher education, Chittaro and Sánchez

(2025) and de Elejalde and Sánchez (2025) for a government-guaranteed credit program, and Atal

et al. (2025) for a drug quality-regulation policy, among others.
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A Data

Below, I present a detailed description of the main data sets used in this paper:31

• Registry of students, 2007, 2013.

These data provide information on students’ gender, date of birth, age, residential address

(only in 2013), educational track, grade, class, grade repetition status, special education

status, and various characteristics of the school of attendance, such as municipality, adminis-

trative category (public, private-voucher, private-non-voucher), single/double shift schedule,

and urban status.

• Registry of schools, 2007, 2013.

These data provide information on schools’ municipality, administrative category, urban

status, address (only in 2013), tuition, religious orientation, and educational track offered.

• Registry of students that are eligible to participate in the targeted voucher program, 2013.

These data provide information on the characteristics of students that are eligible to par-

ticipate in the targeted voucher program. They provide information on students’ gender,

date of birth, program participation status, level of education, grade, single/double shift

schedule, and on the administrative category and urban status of the school attended by

the student.

• Registry of schools that participate in the targeted voucher program, 2013.

These data provide information on the characteristics of the schools that participate in the

targeted voucher program. Information on schools’ municipality, administrative category,

urban status, number of disadvantaged students that are eligible for the targeted voucher

subsidy, and number of students that are beneficiary of the targeted voucher is available.

• National standardized exams (SIMCE) for 4th graders, student-level, 2013

These data provide information on students’ test scores for three different subjects: verbal,

mathematics, and natural sciences.

• 4th grade SIMCE’s questionnaire to parents and tutors, 2013.

These data consist in the responses to a survey that parents and tutors answer during the

days when the national standardized tests are taken. The survey is voluntary, though more

than 90% of parents respond it every year. It provides information on students’ household

size, house amenities and time use, total number of books available in the house, household

total monthly income, parents and tutors’ time use, education, indigenous identification,

occupation, health insurance, participation in social programs, reasons for the choice of the

31These data sets were kindly provided by the Chilean Ministry of Education and Agencia de Calidad de la Educación.
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school, beliefs on the student’s future educational attainment, satisfaction with the school,

knowledge of the school’s average performance in standardized tests, total monthly expenses

related to the student’s education other than tuition, and school’s admission criteria, tuition

and fees.

B A Market Example

Figure B.1 presents an example of an educational market created with the geocoded data. The

market is formed by the municipalities of Coquimbo and La Serena in Northern Chile. Panel A

displays the streets and roads layout for the market. Panel B displays the spatial distribution

of students’ residences within the market. It distinguishes between economically disadvantaged

(in purple) and non-disadvantaged (in yellow) students. Notice that it is possible to identify

neighborhoods with high and low concentrations of disadvantaged students. Panel C displays

the spatial distribution of schools within the market, distinguishing between public (in yellow),

private-voucher (in blue), and private-non-voucher (in red) schools. Here, we can also identify

areas with different concentrations of privately managed schools. Finally, Panel D displays the

spatial distribution of private-voucher schools, distinguishing between schools that participate (in

blue) and do not participate (in light blue) in the targeted voucher program. Not surprisingly,

neighborhoods with high concentrations of disadvantaged students (in Panel B) also present high

concentrations of schools that opted to participate in the targeted voucher program. Nonetheless,

both groups of schools are found in all neighborhoods.
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Figure B.1: Educational Market: Coquimbo-La Serena

A. The market B. Students

C. Schools D. Private-voucher schools

Notes: This figure presents the educational market formed by the municipalities of Coquimbo and La Serena, in Northern

Chile.

C Monte Carlo Simulations

This appendix provides details on the Monte Carlo exercise I perform to study the relation

between Bayesian Nash equilibrium (BNE), Fully Cursed equilibrium (FCE), and Partial Cursed

equilibrium (PCE). I compare the equilibrium strategies resulting from each equilibrium concept

under the same primitives of the model. I consider a simplified school choice and competition

model, very similar to the model I study in the main text.
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Section C.1 specifies the model. Section C.2 describes the data generating processes. Section

C.3 compares the equilibrium strategies resulting from each of BNE, FCE, and PCE equilibrium

assumptions.

C.1 Model Specification

Market Size. I consider a single market where I = 500 students enroll in their most preferred

school among the J schools that are available in the market. I vary the total number of schools

across simulations to analyze how the size of the game affects equilibria. I experiment with

J = 5, 10, 15, 20, 25, 30.

For simplicity, I consider only private-voucher schools. As in the main model, schools play a

static game of incomplete information, with strategies being program participation and fees, for

each school type or realization of the idiosyncratic component of the cost structure.

Spatial Configuration. Similar to Fack et al. (2019), the market is modeled as a disc with a

radius of 1. Both schools and students are uniformly distributed throughout the market area.

The Cartesian distance between student i and school j is denoted by dij .

Figure C.1 displays the spatial configuration of one of the simulated markets analyzed in the

Monte Carlo exercise. The market example consists of 5 schools and 500 students.

Figure C.1: Spatial Configuration of a Simulated Market
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Notes: This figure illustrates the spatial distribution of students and schools in one of the simulated markets analyzed

in the Monte Carlo simulations. It includes 500 students (in blue) and 5 schools (in red).
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Student Preferences. I adopt a parsimonious version of the indirect utiliy function described

in Section 3.1:

Uij = αζj + βζ1p
ζ
j + βζ2τj + βζ3dij + εij ,

where, as in the main text, the superscript ζ ∈ {L,H} denotes the student’s income group.

Similarly, pζj = τj(1 − Di)p
1
j + (1 − τj)p

0
j , with Di denoting student i’s low-income status, τj

is school j’s decision to participate in the program, and (p1
j , p

0
j ) are school j’s counterfactual

fees when the school joins the program and when it opts out, respectively. The parameter αζj
represents school j’s attractiveness to students of group ζ, net of fees, program participation, and

proximity. Likewise, βζ1 , βζ2 , and βζ3 capture the preferences of students of income group ζ for

school j’s fees, program participation, and distance, respectively. The idiosyncratic error term εij

follows a Type I extreme value distribution. Consequently, the probability that student i chooses

school j is,

Pij =
exp

(
αζj + βζ1p

ζ
j + βζ2τj + βζ3dij

)
∑

k exp
(
αζk + βζ1p

ζ
k + βζ2τk + βζ3dik

) .
I set the share of low-income students to 50%.

School fixed effects are specified as follows:

{αLj }30
j=1 = {10, 10.5, . . . , 24.5},

{αHj }30
j=1 = {24.5, 24, . . . , 10}.

The rest of the parameters are set to: (βL1 , β
H
1 , β

L
2 , β

H
2 , β

L
3 , β

H
3 ) = (−0.9,−0.3, 0.1,−0.1,−1,−0.5).

Schools’ Problem. For simplicity, I abstract from the universal voucher. The school’s problem

is the following,

max
τj∈{0,1},p1

j≥0,p0
j≥0

Et−j
[
τj
(
Π1
j (a

1
j , s−j(t−j); t)− κj

)
+ (1− τj)Π0

j (a
0
j , s−j(t−j); t)

]
,
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where,

Π1
j (a

1
j , s−j(t−j); t) = (p1

j − cHj )
∑
i

(1−Di)Pij(a
1
j , s−j(t−j); t)

+(vt − cLj )
∑
i

DiPij(a
1
j , s−j(t−j); t),

Π0
j (a

0
j , s−j(t−j); t) = (p0

j − cHj )
∑
i

(1−Di)Pij(a
0
j , s−j(t−j); t)

+(p0
j − cLj )

∑
i

DiPij(a
0
j , s−j(t−j); t).

I set the targeted voucher parameter to be vt = 1.6. The cost structure terms, (τj , c
L
j , c

H
j ),

are constructed as follows,

κj = ωκ1 + ωκ2u
κ
j , (C.1)

cLj = ωc
L

1 + ωc
L

2 uc
L

j , (C.2)

cHj = ωc
H

1 + ωc
H

2 uc
H

j , (C.3)

where (ωκ1 , ω
κ
2 , ω

cL
1 , ωc

L

2 , ωc
H

1 , ωc
H

2 ) = (−50, 150, 0.4, 0.8, 0.2, 0.8), and (uκj , u
cL
j , u

cH
j ) are indepen-

dent, uniformly distributed on the interval [0, 1] random draws, for each j.

C.2 Data Generating Processes

The simulated data are constructed under three different data generating processes (DGPs). For

each DGP, I generate M = 500 independent samples. For each sample m = 1, . . . ,M , I randomly

draw students’ geographic coordinates, d
(m)
ij , income status, D

(m)
i , and schools’ idiosyncratic cost

terms,
(
u
κ,(m)
j , u

cL,(m)
j , u

cH ,(m)
j

)
.

DGP 1: Bayesian Nash Equilibrium. This DGP considers a situation where schools play a

BN equilibrium; that is, each school takes into account all possible types of its opponents, and

the probabilities of each type’s occurrence. Moreover, I assume that the distribution of types is

known to all schools, and that all schools share the same beliefs over those distributions.
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In a BNE, school j’ best-response functions are the following:32

p̂
1,(m)
j

(
a

1,(m)
j , ŝ

(m)
−j ; t

(m)
j

)
=

∫
St−j

cH,(m)
j −

∑
i(1−Di)Pij

(
a

1,(m)
j , ŝ

(m)
−j ; t

(m)
j

)
∑
i(1−Di)

∂Pij
(
a
1,(m)
j ,ŝ

(m)
−j ;t

(m)
j

)
∂p1j

 dF (t−j),

p̂
0,(m)
j

(
a

0,(m)
j , ŝ

(m)
−j ; t

(m)
j

)
=

∫
St−j

cL,(m)
j

∑
iDi

∂Pij
(
a
0,(m)
j ,ŝ

(m)
−j ;t

(m)
j

)
∂p

0,(m)
j∑

i

∂Pij
(
a
0,(m)
j ,ŝ

(m)
−j ;t

(m)
j

)
∂p

0,(m)
j

+

c
H,(m)
j

∑
i(1−Di)

∂Pij
(
a
0,(m)
j ,ŝ

(m)
−j ;t

(m)
j

)
∂p

0,(m)
j∑

i

∂Pij
(
a
0,(m)
j ,ŝ

(m)
−j ;t

(m)
j

)
∂p

0,(m)
j

−

∑
i Pij

(
a

0,(m)
j , ŝ

(m)
−j ; t

(m)
j

)
∑
i

∂Pij
(
a
0,(m)
j ,ŝ

(m)
−j ;t

(m)
j

)
∂p

0,(m)
j

 dF (t−j),

τ̂
(m)
j

(
a

(m)
j , ŝ

(m)
−j ; t

(m)
j

)
= 1

{∫
St−j

[(
Π1
j

(
a

1,(m)
j , ŝ

(m)
−j ; t
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where F (·) is the joint distribution of school types. School j best-responds to its opponents’

strategies, which in turn depend on all school types in a highly nonlinear fashion, that necessitates

equilibrium solving. I utilize an iterative procedure to solve for a BNE, similar to the one in Fack

et al. (2019):

1. I define an initial distribution of school types, F 0(·), thus of schools’ strategies, for each

m = 1, . . . , 500 simulated samples.

2. I calculate schools’ BN best-responses using initial beliefs F 0(·). I denote these schools’

best-responses by ŝ(m)(F 0) =
(
τ̂ (m)(F 0), p̂1,(m)(F 0), p̂0,(m)(F 0)

)
.

3. The distribution of schools’ best-responses across the M samples jointly determine the

“posterior” empirical distribution of school types, F 1(·).

4. Schools best-respond using F 1(·) as their beliefs, and steps 2. and 3. are repeated until a

fixed point is found, which occurs when the posterior distribution F t(·) is consistent with

schools’ beliefs F t−1(·). The resulting BN equilibrium beliefs are denoted by F ∗(·).

The BNE simulated data consist of schools’ BN strategies
(
τ̂ (m)(F ∗), p̂1,(m)(F ∗), p̂0,(m)(F ∗)

)
,

for each m.

DGP 2: Fully Cursed Equilibrium. This DGP considers the case where schools play an FC

equilibrium; that is, each school assumes that each of its opponents plays the average strategy,

according to the distribution of types, regardless of their realized type. I, again, assume that the

32For convenience, I set the parameters in the artificial data such that all equilibrium fees are strictly positive.
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distribution of types is known to all schools, and that all schools share the same beliefs over those

distributions.

I calculate schools’ FCE strategies
(
τ̌

(m)
j , p̌1,(m), p̌0,(m)

)
for all j,m, in two steps. First, I

solve for a fixed point in the following system of equations describing FC schools’ average best-

responses:
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where c̄Lj = ωc
L

1 +
ωc
L

2
2 and c̄Hj = ωc

H

1 +
ωc
H

2
2 . In this first step, other schools evaluate Π1

j and

Π0
j at these average cost values (i.e., integrating out uc

L

j and uc
H

j ). The only remaining private-

information term is uκj , so Pr
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)
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j > 0
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, due to the

uniform [0, 1] distribution assumption.

In the second step, I solve for a fixed point in the following system of equations, that defines

schools’ best-responses to other schools’ FC (average) strategies,
(
τ̄

(m)
j , p̄1,(m), p̄0,(m)

)
, including

schools’ own realized idiosyncratic cost terms,
(
u
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.
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The resulting vector of schools’ FCE strategies,
(
τ̌ (m), p̌1,(m), p̌0,(m)

)
, for each m, constitutes

the simulated data.

DGP 3: Partial Cursed Equilibrium. This DGP considers a situation where schools play

a PC equilibrium; that is, each school is Bayesian with respect to its (geographically) closest

oponent, and is fully cursed with respect to all other opponents. The assumption that the

distribution of types is known to all schools, and that all schools share the same beliefs over those

distributions is maintained.

In a PCE, school j’ best-response functions are the following:
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where lj is the index for school j’s closest competitor, and −j \ {lj} denotes the set of j’s

competitors excluding lj . Similar to my solving for a BNE, I use an iterative procedure to solve

for a PCE:

1. I define an initial distribution of closest school types, F 0(·), thus of these schools’ strategies,

for each m = 1, . . . , 500 simulated samples.

2. I calculate schools’ PC best-responses using initial beliefs F 0(·). I denote schools’ best-

responses by s̃(m)(F 0) =
(
τ̃ (m)(F 0), p̃1,(m)(F 0), p̃0,(m)(F 0)

)
.
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3. The distribution of schools’ best-responses across the M samples jointly determine the

“posterior” empirical distribution of school types, F 1(·).

4. Schools best-respond using F 1(·) as their beliefs, and steps 2. and 3. are repeated until a

fixed point is found, which occurs when the posterior distribution F t(·) is consistent with

schools’ beliefs F t−1(·). The resulting PC equilibrium beliefs are denoted by F ∗(·).

The PCE simulated data consist of schools’ PC strategies
(
τ̃ (m)(F ∗), p̃1,(m)(F ∗), p̃0,(m)(F ∗)

)
,

for each m.

C.3 Equilibria Comparison

I utilize the data from the Monte Carlo simulations from all three DGPs to examine the re-

lationship between Bayesian Nash equilibrium, Fully Cursed equilibrium, and Partial Cursed

equilibrium. I compare the equilibrium strategies resulting from each equilibrium concept under

the same primitives of the model. Figures C.2–C.4 display the distributions of schools’ equilib-

rium strategies for program participation (τj), fees under participation (p1
j ), and fees under non-

participation (p0
j ), respectively, across different market sizes (J = 5, 10, 15, 20, 25, 30). Figures

C.5 and C.6 do analogously for equilibrium effective prices for low-income (pLj = τj0 + (1− τj)p0
j )

and high-income (pHj = τjp
1
j + (1− τj)p0

j ) students.

Results indicate that, although non-negligible differences between equilibrium strategies across

BNE, FCE, and PCE exist in small markets (e.g. 5 schools), these differences diminish consid-

erably as the number of schools increases. In particular, Figure C.2 shows that FCE tends

to overpredict program participation relative to BNE, especially in very small markets (i.e. 5

schools). PCE program participation strategies also differ from BNE strategies, with these differ-

ences being smaller the larger the market. Interestingly, PCE program participation strategies are

not necessarily a convex combination of BNE strategies and FCE strategies, which is certaintly

implied by the highly nonlinear aspect of the game.

In sufficiently large markets, equilibrium program participation strategies from all three equi-

librium concepts resemble substantially; especially for schools with low participation rates.

Note, too, that schools that are more preferred by low-income students and less preferred

by high-income students—i.e. schools with high values of αLj and low values of αHj in students’

indirect utility function—participate in the program with a realitively higher frequency, across

all equilibrium concept assumptions and market sizes.
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Figure C.2: Schools’ Equilibrium Strategy Distribution Under BNE, FCE, PCE - τj
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Notes: This figure displays schools’ equilibrium program participation, τj , under BNE, FCE and PCE assumptions.

Data is generated from 500 Monte Carlo simulations using the same primitives for students’ preferences and schools’

cost structure. I generate a different set of 500 simulations for different market sizes, where I vary the number of schools

in J = 5, 10, 15, 20, 25, 30. Panel A shows each school’s strategy distribution across simulations for a market with 5

schools. Panels B–F do analogously for markets with 10, 15, 20, 25, and 30 schools.
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Schools’ counterfactual price distributions are presented in Figures C.3 and C.4. Again, we

observe that equilibrium price distributions under the three equilibrium concepts converge rapidly

as the number of schools in the market increases. In general, and especially in small markets, when

compared to BNE, FCE prices present a more compressed distribution, with a lower incidence

of extreme values. PCE counterfactual price distributions are also more compressed than BNE

dsitributions, and are somewhat closer to FCE distributions. Nevertheless, all three sets of price

distributions are starkly comparable in sufficiently large markets.

Another important observation is the relatively higher equilibrium prices set by schools that

are more preferred by high-incomes students and less preferred by low-income students—these

are schools with a high αHj and a low αLj in students’ indirect utility function. This pattern is

present across all three equilibrium concepts, as well as for every market size.
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Figure C.3: Schools’ Equilibrium Strategy Distribution Under BNE, FCE, PCE - p1
j
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Notes: This figure displays schools’ equilibrium counterfactual fees distribution if it joins the program, p1
j , under BNE,

FCE and PCE assumptions. Data is generated from 500 Monte Carlo simulations using the same primitives for students’

preferences and schools’ cost structure. I generate a different set of 500 simulations for different market sizes, where I vary

the number of schools in J = 5, 10, 15, 20, 25, 30. Panel A shows each school’s strategy distribution across simulations

for a market with 5 schools. Panels B–F do analogously for markets with 10, 15, 20, 25, and 30 schools.
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Figure C.4: Schools’ Equilibrium Strategy Distribution Under BNE, FCE, PCE - p0
j
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Notes: This figure displays schools’ equilibrium counterfactual fees distribution if it opts out of the program, p0
j , under

BNE, FCE and PCE assumptions. Data is generated from 500 Monte Carlo simulations using the same primitives for

students’ preferences and schools’ cost structure. I generate a different set of 500 simulations for different market sizes,

where I vary the number of schools in J = 5, 10, 15, 20, 25, 30. Panel A shows each school’s strategy distribution across

simulations for a market with 5 schools. Panels B–F do analogously for markets with 10, 15, 20, 25, and 30 schools.
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Distributions for equilibrium effective prices for low-income income students, pLj = τj0 + (1−
τj)p

0
j , and for high-income students, pHj = τjp

1
j + (1 − τj)p0

j , are presented in Figures C.5 and

C.6, respectively. Effective prices are empirically relevant, as they are what students observe

when shopping for schools, and what students are charged once enrolled in their school of choice.

The results for equilibrium effective prices mechanically follow those shown in Figures C.2–C.4,

since their definitions are direct functions of schools’ equilibrium strategies. More precisely,

equilibrium effective prices across BNE, FCE, and PCE assumptions converge very fast as the

number of schools in the market increases. Some appreciable differences in equilibrium effective

prices are observed in the smallest of markets, but they shrink considerably in larger markets.

By the same token, FCE and PCE equilibrium effective price distributions are somewhat more

compressed than BNE distributions—much less so in sufficiently large markets—and schools more

preferred by high-income students and less preferred by low-income students set relatively higher

equilibrium effective prices.
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Figure C.5: Effective Price Distribution Under BNE, FCE, PCE - pLj
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Notes: This figure displays schools’ equilibrium effective price charged to low-income students, pLj = τj0 + (1 − τj)p0
j ,

distributions under BNE, FCE and PCE assumptions. Data is generated from 500 Monte Carlo simulations using the

same primitives for students’ preferences and schools’ cost structure. I generate a different set of 500 simulations for

different market sizes, where I vary the number of schools in J = 5, 10, 15, 20, 25, 30. Panel A shows each school’s

effective price charged to low-income students distribution across simulations for a market with 5 schools. Panels B–F

do analogously for markets with 10, 15, 20, 25, and 30 schools.
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Figure C.6: Effective Price Distribution Under BNE, FCE, PCE - pHj
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Notes: This figure displays schools’ equilibrium effective price charged to high-income students, pHj = τjp
1
j + (1− τj)p0

j ,

distributions under BNE, FCE and PCE assumptions. Data is generated from 500 Monte Carlo simulations using the

same primitives for students’ preferences and schools’ cost structure. I generate a different set of 500 simulations for

different market sizes, where I vary the number of schools in J = 5, 10, 15, 20, 25, 30. Panel A shows each school’s

effective price charged to high-income students distribution across simulations for a market with 5 schools. Panels B–F

do analogously for markets with 10, 15, 20, 25, and 30 schools.
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Table C.1 summarizes the distributional evidence for schools’ equilibrium strategies presented

above. Specifically, Table C.1 presents average equilibrium school strategies at the market level,

under each of BNE, FCE, and PCE assumptions, and for J = 5, 10, 15, 20, 25, 30 market sizes. The

similarity of equilibrium strategies across equilibrium assumptions is more evident when focusing

on market averages. See, for instance, the evidence for the average of p1
j (second column). For

most market sizes, average p1
j across equilibrium concepts are indistinguishable from each other.

Also in line with the distributional evidence presented in the preceding figures, PCE average

strategies are not necessarily closer to BNE than FCE strategies are.

Notice, too, that average equilibrium counterfactual prices E[p1
j ] and E[p0

j ] (second and third

columns) decrease as the number of schools in the market increases, suggesting the presence of a

competition effect.
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Table C.1: Average Equilibrium Strategies Under BNE, FCE, PCE

E[τj ] E[p1
j ] E[p0

j ] E[pLj ] E[pHj ]

5 schools
BNE 0.552 4.812 4.354 2.124 4.699
FCE 0.594 4.818 4.272 1.934 4.701
PCE 0.558 4.815 4.305 2.053 4.660

10 schools
BNE 0.418 4.349 3.734 2.367 4.121
FCE 0.435 4.349 3.695 2.283 4.109
PCE 0.435 4.349 3.703 2.294 4.117

15 schools
BNE 0.385 4.210 3.485 2.300 3.879
FCE 0.395 4.211 3.462 2.260 3.878
PCE 0.395 4.211 3.463 2.262 3.881

20 schools
BNE 0.373 4.148 3.354 2.224 3.739
FCE 0.382 4.148 3.333 2.192 3.741
PCE 0.382 4.148 3.334 2.193 3.742

25 schools
BNE 0.366 4.107 3.266 2.167 3.648
FCE 0.373 4.107 3.250 2.141 3.647
PCE 0.373 4.107 3.250 2.142 3.649

30 schools
BNE 0.359 4.075 3.211 2.138 3.583
FCE 0.363 4.075 3.199 2.120 3.582
PCE 0.364 4.075 3.200 2.120 3.584

Notes: This table displays the market’s average strategies in equilibrium under BNE, FCE and PCE assumptions. Data

is generated from 500 Monte Carlo simulations using the same primitives for students’ preferences and schools’ cost

structure. I generate a different set of 500 simulations for different market sizes, where I vary the number of schools in

J = 5, 10, 15, 20, 25, 30. Columns report schools’ average equilibrium stategies, E[τj ], E[p1
j ], and E[p0

j ], as well as the

market’s average effective prices, E[pLj ] = E[τj0 + (1− τj)p0
j ] for low-income students, and E[pHj ] = E[τjp

1
j + (1− τj)p0

j ]

for high-income students.
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D Estimation Procedure for Supply

The GMM-MPEC problem for the supply side of the model is,

min
ω,s̄

g(ω, s̄)′Wg(ω, s̄),

subject to,

h(ω, s̄),

where g(ω, s̄) is the vector of sample moments, and W is a GMM weighting matrix of the form,

W = diag

( 1∑M
m=1 Jm

Zω′Zω

)−1

,

(
1∑M

m=1 Jm
Xω′Xω

)−1

,

(
1∑M

m=1 Jm
Xω′Xω

)−1

, I3

 ,

with diag(v) a matrix with v in its diagonal and zeros elsewhere, and I3 is the identity matrix of

dimension 3. Finally, let h(ω, s̄) be the 3
∑Jm

m=1×1 vector of equilibrium conditions (9)–(11).

The MPEC algorithm simultaneously searches over parameters ω and endogenous variables

s̄, to minimize the objective function subject to equilibrium conditions to be satisfied. In prac-

tice, I implement the GMM-MPEC routine in MATLAB/TOMLAB using the professional solver

KNITRO. I provide the automatic differentiated Jacobian and (approximated) Hessian using

TOMLAB’s TomSym package.
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E Additional Figures

Figure E.1: Estimated Original and Shrunk School Quality Estimates
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Notes: Estimated original school quality estimates from test scores regressions are plotted against their shrunk versions,

after applying a parametric normal/normal shrinkage procedure.

Figure E.2: Predicted Quality Distributions of Participant/Non-participant Schools
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Notes: Predicted quality distributions of participant and non-participant private-voucher schools.
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Figure E.3: Actual and FC-Predicted School Choice Probabilities
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Notes: Comparison of school choice probabilities implied by the estimated demand model using observed strategies with

those implied by the same model using FCE strategies in place of actual strategies (i.e., fees and program-participation

choices/probabilities). Panel A shows kernel density estimates; panel B shows a binscatter comparison.
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F Additional Table

Table F.1: Estimates for Supply Model: Market Fixed Effects

coef. std. err. coef. std. err. coef. std. err.

cLj cHj κj
market 2 -1.423 3.178 -0.005 0.650 20.864 2.358
market 3 -0.315 15.605 0.492 28.363 26.856 3.397
market 4 -0.039 3.469 0.228 0.893 8.775 7.554
market 5 -0.016 3.018 -0.456 0.809 35.006 7.250
market 6 -0.339 4.665 -0.170 0.572 3.221 5.000
market 7 -0.256 4.481 -0.169 0.516 9.703 17.294
market 8 -0.069 5.494 -0.100 0.857 9.328 10.701
market 9 0.927 6.487 -0.153 14.040 18.926 5.780
market 10 0.424 5.801 0.100 13.974 23.861 11.228
market 11 0.884 7.965 0.374 14.465 18.960 181.173
market 12 0.981 12.185 -0.184 8.488 15.368 174.115
market 13 0.855 27.930 0.290 0.712 14.876 14.451
market 14 1.038 49.598 -0.545 0.702 22.723 12.016
market 15 1.346 51.305 -0.184 55.585 29.779 11.434
market 16 0.862 46.029 -0.043 1.466 1.495 7.817
market 17 0.702 35.412 -0.566 55.528 11.882 75.608
market 18 0.672 24.603 -0.839 1.812 -7.374 86.265
market 19 0.786 3.398 -0.333 1.615 7.194 78.219
market 20 1.239 4.637 0.196 1.242 5.804 14.574
market 21 1.252 4.561 -0.588 1.285 12.145 17.709
market 22 0.059 11.584 -0.692 1.089 -5.463 10.531
market 23 -0.399 18.830 0.185 12.875 8.086 14.632
market 24 3.960 97.184 -2.610 68.618 0.342 11.476
market 25 0.599 9.977 0.352 1.914 25.231 14.892
market 26 -3.745 23.707 0.006 8.915 -23.954 8.523
market 27 1.751 9.170 -1.783 27.491 15.605 2.764

no. of private-voucher schools 956

Notes: All supply parameters were estimated using a GMM-MPEC procedure. Standard errors were computed using

a block bootstrap, where 50 synthetic data sets were generated resampling markets (Singleton, 2019; Dinerstein and

Smith, 2021). Costs are in real $1,000 for the year 2013, and were transformed from CLP to USD according to the

exchange rate as of March 1, 2013 (472.96 CLP/USD).
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