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Abstract

We study supply-side responses to student financial aid, focusing on how tuition responds
to the targeting of aid. Our framework identifies two mechanisms: a direct effect, which raises
tuition, and a composition effect, which can lower tuition if aid targets price-sensitive stu-
dents. Leveraging a reform in Brazil’s student loan program, we provide descriptive evidence
that both mechanisms are quantitatively important. We then estimate an equilibrium model
of higher education to quantify the impact of alternative targeting schemes. We find that a
loan program with merit-based targeting increases tuition by 3.0%, while need-based target-
ing raises tuition by only 0.4%. This difference arises because low-income students—targeted
in the need-based scheme—are more price sensitive. These price adjustments have a strong
impact on enrollment decisions, emphasizing the importance of targeting in student financial
aid policy design.
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1 Introduction

Governments around the world invest substantial resources in student financial aid programs
with the aim of expanding access to higher education. Such initiatives are widespread across
both Latin America and OECD countries.! Despite their prevalence, policymakers have long
expressed concern that these programs may incentivize colleges to raise tuition and capture a
portion of public funds—an issue known as the Bennett Hypothesis (Bennett, 1987).

Conceptually, student aid programs can generate two opposing forces. On one hand, aid
increases students’ ability to pay, which may induce colleges to raise tuition. On the other hand,
if aid is targeted to lower-income students—who typically have lower ability to pay—colleges
may reduce tuition to attract them. As a result, the net impact of student aid on tuition is
theoretically ambiguous and depends on how the aid is targeted—a mechanism overlooked in
the literature.

This paper examines how tuition responses to financial aid depend on targeting. We begin
by presenting a conceptual framework that formalizes the channels through which aid can af-
fect tuition under imperfect competition. We then provide empirical evidence that the forces
identified in the framework are quantitatively relevant, leveraging a major reform of Brazil’s
federal student loan program. Building on this analysis, we develop and estimate an equilibrium
model of supply and demand in higher education. The model allows us to compare the effects
of merit-based and need-based financial aid—two commonly used targeting schemes—on tuition
and student enrollment.

In our framework, a monopolistic college sets tuition to maximize profits, while the gov-
ernment provides targeted financial aid. We show that the effect of aid on tuition has two
components: a direct effect and a composition effect. The direct effect comes from aid raising
recipients’ willingness to pay (WTP), which shifts the demand curve outward and puts upward
pressure on tuition. The composition effect, on the other hand, depends on how the aid is
targeted. When aid goes to students with lower baseline WTP, it narrows the gap between
high- and low-WTP students, causing the demand curve to rotate and become flatter (more
price-elastic). This rotation pushes prices down and can lead to a lower equilibrium tuition. In
contrast, when aid is directed toward higher-WTP students, the demand curve becomes steeper
(less price-elastic), which amplifies the rise in tuition.

Given a targeting scheme, the magnitudes of the direct and composition effects depend on
three key parameters. First, the extent to which aid increases WTP determines the strength of
the direct effect, since a greater increase in WTP leads to a larger upward shift in the demand
curve. Second, the degree of heterogeneity in WTP across students: the greater the disparity in
WTP between targeted and non-targeted students, the stronger the composition effect. Third,
the degree of price discrimination: The more effectively colleges engage in price discrimination,

the more they can offer lower prices to low-WTP students while maintaining higher prices for

'For detailed overviews, see Marta Ferreyra et al. (2017) for Latin America and OECD (2014) for OECD
countries.



others, thereby weakening the composition effect.

We explore the empirical relevance of these forces in Brazil’s private higher education mar-
ket, which accounts for 75% of all incoming college students. This context offers several key
advantages for studying the equilibrium effects of financial aid. First, for-profit institutions play
a prominent role, making tuition and enrollment outcomes highly responsive to market forces.
Second, the federal government allocates subsidized student loans through a centralized system
with clear eligibility thresholds, allowing us to estimate how loan access affects student demand.
Third, a major policy reform in 2015 sharply reduced the availability of loans, providing a natu-
ral experiment to assess the broader market impact of financial aid. Finally, unlike in the U.S.,
Brazilian colleges have limited access to students’ financial information, which constrains their
ability to price discriminate.?

We combine multiple data sources for our analysis. First, we merge several administrative
records to build a comprehensive individual-level dataset covering the full population of students
who took Brazil’s college entrance exam. This dataset includes students’ test scores, detailed
demographic information—such as gender, race, and household income—and their college enroll-
ment status. For enrolled students, we observe their chosen college and degree program, as well
as whether they received a government loan and the amount borrowed. Second, we construct a
novel dataset on college tuition fees by merging government records with data obtained through
partnerships with private companies. This allows us to recover tuition information for degree
programs accounting for 98% of total enrollment. Our analysis covers the period from 2012 to
2017 and includes over 20 million exam takers and 13,567 unique degree programs offered across
695 colleges.

The empirical analysis begins by examining trends in the Brazilian higher education market
before and after the 2015 reform of the federal student loan program. The reform triggered
a sharp reduction in the number of new loan contracts, with only about 150,000 loans issued
to incoming students in 2017—a fourfold decrease from 2014 levels. Real tuition prices fell
by 5.2% following the reform, while the stock prices of the four largest higher education firms
dropped 20% to 40%, reflecting both the unexpected nature of the policy and its impact on
future profitability expectations.

We leverage the reform to examine how financial aid availability impacts tuition. We find
that degree programs with a higher pre-reform share of loan recipients experienced larger drops
in tuition and enrollment compared with less exposed programs. We then explore heterogeneity
in tuition responses based on our theoretical framework. In markets in which loan recipients
were relatively higher-income, reduced loan availability led to lower tuition, consistent with the
Bennett Hypothesis. However, in markets in which loan recipients were mostly lower-income,
reduced loan availability caused tuition to increase, which supports our prediction that price
effects depend on aid allocation.

Motivated by these findings, we develop an equilibrium model of higher education to evaluate

2In the United States, colleges use financial aid application data to price discriminate (Fillmore, 2023), allowing
them to better target marginal students and potentially reducing the importance of composition effects.



how different targeting designs for government loans affect tuition fees and college enrollment.
On the supply side, colleges are modeled as multi-product firms offering a portfolio of degree
programs. They set tuition prices for each program to maximize profits while accounting for
the allocation of government loans. Also, colleges engage in price discrimination by offering
tuition discounts. On the demand side, students decide whether to enroll in college and select a
degree program while considering tuition prices and loan availability. Colleges are assumed to
be non-selective and to allow students to enroll in any degree of their choice.?

To estimate the model, we employ the generalized method of moments (GMM) approach
developed by Berry et al. (1995) and extended by Petrin (2002), which integrates instrumental
variables with micro-moments to identify key parameters. We estimate price elasticities using
exposure to the 2015 loan reform, proxied by the pre-reform share of students with loans, as an
instrument. This approach assumes that observed price changes following the reform primarily
reflect endogenous responses to reduced loan availability, rather than unobserved shocks corre-
lated with policy exposure. To identify the impact of loans on student demand, we exploit the
discontinuity in loan access at eligibility score thresholds. This strategy relies on the assump-
tion that scores are not systematically manipulated around these cutoffs, a plausible assumption
given that eligibility thresholds were ex ante unknown.

We estimate a median price elasticity of -2.73, consistent with prior findings (Armona and
Cao, 2024; Barahona et al., 2025). This estimate confirms that colleges possess a moderate
degree of market power and implies that changes in financial aid can trigger meaningful tuition
adjustments. Importantly, price sensitivity varies systematically with both household income
and loan status, which plays a central role in shaping the magnitude of the direct and composition
effects. The median price elasticity is -3.91 for students with below-average income and -2.42 for
those with above-average income. Moreover, receiving a loan reduces price sensitivity by 23.8%
on average. We also find that tuition discounts are only weakly correlated with student income,
which suggests that price discrimination plays a limited role in our setting.

We use the model to estimate the equilibrium effects of two common loan targeting schemes:
need-based and merit-based. In both cases, loans are distributed under a fixed budget equal to
that of the pre-reform policy. Under the need-based scheme, loans are directed to low-income
students. Since these students are more price sensitive, the composition effect exerts downward
pressure on tuition, partially offsetting the upward direct effect. As a result, tuition increases
by only 0.4% compared to a no-loan scenario. In contrast, the merit-based scheme allocates
loans to students with high test scores, which are strongly correlated with higher income and
lower price sensitivity. In this case, the composition effect reinforces the direct effect, leading to
a tuition increase of 3.0%.

Next, we use our model to quantify the effects of loans on college enrollment. To disentangle

the impacts of loans on supply and demand, we simulate two counterfactuals for each targeting

3The private sector is largely non-selective. According to the 2014 Census of Higher Education, private college
degree programs operate at just 48% of their reported capacity, on average. Moreover, about 90% of these
programs enroll fewer than 80% of their available seats.



scheme. The first counterfactual, referred to as demand-only, isolates demand-side effects by
allowing students to respond to loan availability while holding tuition prices fixed. The second
counterfactual, referred to as equilibrium, incorporates supply-side responses by allowing tuition
prices to adjust based on changes in demand.

Under need-based targeting, enrollment is nearly identical in the demand-only and equilib-
rium counterfactuals, with gains of approximately 30% relative to the no-loan benchmark. This
similarity reflects the modest tuition responses under this scheme. In contrast, the effects of
merit-based targeting are weaker in the demand-only counterfactual-—around 11.5%—because
high-performing students are more likely to enroll even without loans and tend to choose more
expensive programs, which reduces the number of students that can be funded under a fixed
budget. In the equilibrium counterfactual, larger tuition increases under merit-based targeting
offset most of the loan-induced demand gains, yielding a smaller enrollment increase of 2.9%.
Similar patterns hold when restricting attention to high-quality degrees. Taken together, the
results underscore the importance of targeting design in determining the effectiveness of student
loan policies.

It is important to emphasize that our analysis focuses on the price effects of targeting and
abstracts from other dimensions of financial aid design. For example, high-score students may
have lower dropout rates, generate positive peer effects, and exhibit higher loan repayment rates,
thereby enhancing the financial sustainability of aid programs. The central policy implication
of our results is that tuition responses are highly sensitive to how aid is targeted and must be
weighed against these broader considerations when designing financial aid policies.

Our work contributes to several strands of the literature. First, our conceptual framework
builds on the literature on tax and subsidy incidence under imperfect competition. A well-
established body of theoretical work provides the foundation for understanding the effects of
uniform tax policies (Delipalla and Keen, 1992; Anderson et al., 2001; Weyl and Fabinger, 2013;
Miravete et al., 2018; Kroft et al., 2024a,b). A key distinction between taxes and subsidies is
that subsidies often target specific groups, making the composition of subsidy recipients a crucial
determinant of equilibrium outcomes. Building on this idea, recent studies have examined the
price effects of targeted subsidies in the context of health insurance markets. Mahoney and
Weyl (2017) theoretically analyze the incidence of subsidies that vary with consumers’ marginal
costs. Polyakova and Ryan (2022) introduce the concept of “demographic externality”—akin
to our composition effect—and estimate an equilibrium model to assess how targeted subsidies
influence health insurance prices.

Second, we contribute to the literature on the relationship between financial aid and tuition
fees. Many studies use difference-in-differences strategies similar to ours and estimate the impact
of financial aid on tuition by comparing institutions with varying exposure to aid reforms (Long,
2004; Singell and Stone, 2007; Lucca et al., 2019; Baird et al., 2022). Our empirical strategy is
most similar to that of Black et al. (2023), who measure exposure to the Grad PLUS reform
in the United States based on how much baseline prices exceeded the pre-reform federal loan

cap. De Mello and Duarte (2020) also examine the Brazilian context but use an alternative



identification strategy that does not rely on the 2015 FIES reform. These studies generally find
that financial aid increases tuition, consistent with the Bennett Hypothesis and our direct effect
mechanism. We identify an alternative channel through which financial aid affects tuition—the
composition effect—offering a more nuanced view of the Bennett Hypothesis.

Third, we build on the literature on the effects of loans on the demand for higher educa-
tion. Several papers exploit discontinuities in loan availability across score thresholds as quasi-
experiments to show that loans impact college enrollment on both the extensive (Solis, 2017;
Londono-Velez and Rodriguez, 2020; Aguirre, 2021) and the intensive margin (Bucarey et al.,
2020; Aguirre, 2021; Hampole, 2024). In addition, Avery and Hoxby (2004) and Joensen and
Mattana (2021) examine how loans affect students’ choices using discrete-choice frameworks. We
combine these two approaches by incorporating loans in a discrete-choice model and estimating
the model using discontinuities in loan availability.

Finally, to quantify the role of aid targeting and the composition effect on equilibrium out-
comes, we build on the literature that examines the impact of student aid in education mar-
kets using Bertrand-Nash oligopoly models. Several studies, including Bucarey (2018); Neilson
(2021); Allende (2021); Bodere (2023); and Sanchez (2023), focus on primary or secondary edu-
cation and predominantly analyze voucher-based aid, where the underlying economic incentives
differ substantially from those associated with student loans. Two recent studies extend this lit-
erature to higher education. Cordeiro and Cox (2023) investigate the same setting as our study,
focusing on quality responses, and provide insights into the long-term effects of financial aid.
Armona and Cao (2024) examine the design of financial aid in the United States and emphasize
the importance of targeting colleges by quality, while holding the targeting of different students
fixed.

The remainder of the paper is structured as follows. Section 2 presents a simplified version of
our model and the main theoretical result, which demonstrates that the incidence of a targeted
subsidy can be decomposed into direct and composition effects. Section 3 introduces the empir-
ical setting and describes the data, and Section 4 empirically tests our theoretical predictions.
Section 5 presents the full model and Section 6 explains the estimation procedure. In Section 7,
we perform counterfactual simulations to assess the equilibrium effects of aid programs under

different targeting schemes. Finally, Section 8 concludes.

2 Conceptual framework: Price effects of targeted student aid

In this section, we analyze how targeting shapes the price effects of financial aid from a theoretical
perspective. We begin with a stylized framework that illustrates why targeting matters for
pricing in the context of a targeted subsidy. In particular, we show that prices may decrease
when the subsidy is directed toward low-WTP consumers. We then extend this framework to
accommodate broader forms of financial aid beyond direct subsidies, such as student loans, and

use it to formally define the direct and composition effects.



2.1 The price effects of a targeted subsidy in a linear demand system

Consider a market with a monopolist selling a single product at price p and zero marginal cost. A
continuum of consumers, indexed by ¢ € Z, participate in the market. The government provides
a specific subsidy in the form of a fixed transfer 7; € R, conditional on purchasing the good. The
subsidy amount may vary across consumers, is known ex ante by both consumers and firms, and
is independent of the price. The subsidy schedule is denoted by T = {7;}iez. Consumers make
a discrete choice between purchasing the good or not, with their WTP given by 6; + 7;, where
0; is uniformly distributed over the interval [0, 2].*

The monopolist maximizes profits by solving
p"(T) = argmax Q(p|7) - p, (1)

where @) denotes the quantity purchased. We assume that the subsidy schedule 7T is such that
Q(p‘T) is twice-differentiable and decreasing in p, and that the profit function Q(p‘T) -pis
strictly concave, which ensures a unique solution to Equation (1).

The first-order condition from Equation (1) implies that the firm sets p* such that the

absolute price elasticity of demand equals one:
n[p* (T)|T] =1. (2)
No subsidy: We begin with a benchmark schedule 7j in which no subsidy is provided:
To={n=0, Viel}.

This results in a linear demand curve given by P = 2 — Q. From Equation (2), the optimal price

P is such that
mo=n[p|To] =1,

where p = p* (7).
Flat subsidy: Consider a schedule 7, under which all consumers receive a uniform subsidy 7:

To={r=7>0, VieI}.

This raises consumer WTP to 51 = 0; + 7 and shifts the demand curve to P = 2 — @ + 7,
as illustrated in Panel (a) of Figure 1. The parallel shift reduces the price elasticity at the

benchmark price p to

1
=n|p|T.| = <1
na1 =1 [|7a] =
4A microfoundation for this WTP arises from a consumer with quasi-linear utility U;[y, q] = vi[q] + wi[y —

(p — 7) - q], where v[-] and w[-] are strictly increasing functions, y represents income, and ¢ is an indicator for
purchasing the good.



In response, the monopolist raises the price to p, until the price elasticity is restored to one:
N2 =1 [Pa|Ta] = 1,

where p, = p*(7Ta).
As a result, the equilibrium price increases (pg > P).

Figure 1: Flat and targeted subsidies
P P

Sl—

S

(a) Flat Subsidy (b) Targeted Subsidy

Notes: This figure illustrates how a subsidy 7; affects the equilibrium price set by a single-product monopolist
with zero marginal cost. Solid lines represent the baseline demand curve (no subsidy) and dashed lines represent
demand with a subsidy. In both panels, p and p denote the equilibrium prices before and after the subsidy,
respectively. Panel (a) depicts the case of a flat subsidy, which uniformly increases consumers’ WTP, shifting the
demand curve upward in parallel. This reduces the absolute price elasticity of demand, 7, at the initial price p
and induces the firm to raise its price to pe. Panel (b) considers a targeted subsidy that decreases with baseline
WTP. This rotates the demand curve, making it flatter and increasing the absolute price elasticity of demand at
P. In response, the firm lowers its price to pp.

Targeted subsidy: Consider a schedule T, with subsidies decreasing with consumers’ baseline
WTP:

To={r-(0-0,), Vie I},

where § = 1 is the median WTP. Note that only consumers with WTP below median receive
positive transfers.® This rotates the demand curve around the benchmark price p, as shown in
Panel (b) of Figure 1. The new demand curve is flatter, increasing the price elasticity at p to

1

b1 577[15}72] =1 > 1.

SConsumers with 6; > @ effectively face a tax. If, instead, these consumers received neither a tax nor a
subsidy, the resulting kink in the demand function would violate our differentiability assumptions. However,
in this specific case, Equation (1) would still have a unique solution. Moreover, the equilibrium price remains
unchanged regardless of whether above-median-WTP consumers face a tax, since inframarginal consumers do not
influence the firm’s optimal pricing decision.



In response, the monopolist lowers the price to p, until the price elasticity is restored to one:
M2 =1 [Pe|To] = 1,

where py = p*(Tp).

As a result, the new equilibrium price decreases (p, < p). The intuition for why a price
reduction is optimal follows from the impact of a targeted subsidy on the distribution of WTP
across consumers. When the subsidy raises WTP among consumers who would not have pur-
chased at baseline, it compresses the dispersion in WTP, and thus reduces the gap between these
consumers and the original marginal consumer. That is, it shifts their WTP closer to p but still
below it. Consequently, a small price reduction induces a substantial increase in demand, mak-

ing a price decrease the firm’s optimal response.

Other Subsidy Schemes: In both cases above, price changes are unambiguous: A flat sub-
sidy shifts demand uniformly upward, prompting the monopolist to increase prices, whereas a
targeted subsidy, as described above, rotates demand, leading the monopolist to reduce prices.
More complex subsidy designs may combine demand shifts and rotations, with the net price
impact determined by the relative strength of the parallel shift (which raises prices) and the

rotation (which lowers prices).

2.2 The price effects of targeted financial aid under a flexible demand system

We extend the linear-demand framework from Section 2.1 to accommodate more flexible demand
systems and other forms of financial aid, such as student loans. This extended framework serves
two key purposes. First, it formally decomposes the price effects of targeted aid into direct and
composition effects. Second, it identifies the parameters that determine the relative magnitudes
of these effects, and provides the motivation for the empirical analysis in Section 4.3.

Consider a market with only one college (a single-product monopolist) charging price p and
with a marginal cost of c. There is a unit mass of students indexed by ¢ € [0, 1] and characterized
by xi. A fraction p of students receive financial aid, and students are ordered by their propensity
to receive aid; that is, student ¢ receives aid if i < p. For example, if aid is perfectly targeted
by income, i = 0 is the poorest student. Students’ utilities for attending college depend on their
loan-holder status k € {L, NL}, where L represents loan-holders and N L represents non-loan-
holders.

We model financial aid as flexibly influencing enrollment decisions by allowing the utility of
attending college to depend on loan status. Specifically, the utility of enrolling for a student
1 with loan-holder status k is denoted by ufl, while the utility of not enrolling is u;9. These
utilities are drawn from a joint distribution F,(+|p, x;), which depends on student characteristics

i and tuition price p. The probability that a student enrolls in college, conditional on loan



status k, characteristics x;, and price p, is given by
(p) = Prul) > Lk
si (p) = Prlug; > wio | p, X, k]
From the firm’s perspective, the optimal price, conditional on p, is
p(p) = argmax S5(p.p) - (p —¢), 3)

where total enrollment (i.e., market share), S(p, p), is given by

with aid without aid

Enrollment

— P L ‘ 1 NI .

S(p, p) E/ S; (p)dH—/ s; “(p)di, (4)
0 P

and sF and sNT are the probabilities that student i enrolls in college with and without a loan,
respectively.

To decompose the impact of student financial aid on prices into the direct and composition
effects, we compute the effects of a marginal expansion in the financial aid program. In Appendix

B, we show that differentiating Equation (3) with respect to p yields the following expression:

composition effect
dlog p* NL . L L 55 - Sf)VL
o = | " =) = (=) TN | (5)
P A — Sp

direct effect

where n represents the price elasticity of overall demand S at price p*. The enrollment probability

of the marginal loan holder is denoted by sﬁ , while their enrollment probability in the absence

NL
p

holders with and without loans, respectively. The term €2 captures the role of price elasticity and

of a loan would be s Similarly, 775 and 77;)\7 L denote the price elasticities of marginal loan
demand curvature in passthrough. In particular, a more inelastic demand increases {2, consistent
with prior research on tax incidence under imperfect competition (Weyl and Fabinger, 2013).5

The elements in Equation (5) help us analyze the factors that determine the relative impor-
tance of the direct and composition effects.

The direct effect captures how financial aid alters the price elasticity of demand for the
marginal group of students receiving loans. Specifically, it depends on the difference in elasticity
when these students hold a loan versus when they do not (i.e., név L_ 775 ). A larger difference
strengthens the direct effect, pushing prices upward. The intuition behind this effect mirrors
the forces discussed in Section 2.1 and illustrated in Panel (a) of Figure 1.

The composition effect is governed by two key components. First, the extent to which

sk
Formally, the price elasticity of marginal loan holders, given k € {L,NL}, is defined as ny = 7% o
The term (2 is a function of market shares, price elasticity 7, and the curvature of the demand function A:

2

NL
Q= S"S n%ﬁ’ where A = S%/(%)Q. We assume that A < 2, which ensures that Q > 0.




financial aid increases demand among the marginal group, relative to when they do not have a
L _ NL

loan (i.e., s o = Sp ); a larger increase in demand amplifies the composition effect. Second, the
difference between the price elasticity of the marginal group when loans are provided and the
overall elasticity, an — 7. If the marginal group is more price-sensitive than the market average,
the composition effect reduces prices; conversely, if they are less price-sensitive, it increases
prices. The intuition behind the composition effect parallels the forces discussed in Section 2.1
and illustrated in Panel (b) of Figure 1. Expanding demand among a more price-sensitive group
implies that small price reductions lead to substantial increases in enrollment, which flattens
the demand curve and increases its elasticity. As a result, a more elastic demand induces the
college to lower tuition.

The central insight of the analysis is that the price effects of targeted financial aid can be
decomposed into direct and composition effects, with the latter depending on the targeting
design. Both effects are governed by price elasticity and demand curvature, as captured by the
term €2, which aligns with established results from the literature on incidence under imperfect
competition (Delipalla and Keen, 1992; Anderson et al., 2001; Weyl and Fabinger, 2013; Miravete
et al., 2018; Kroft et al., 2024a). However, prior studies have primarily focused on uniform taxes
or subsidies that apply equally across individuals, overlooking the role of targeting in shaping

incidence.

3 Setting, data, and sample

This section provides an overview of our empirical setting: the Brazilian higher education market

and the federal student loan program. It also details the datasets used in our analysis.

3.1 Setting

Private higher education. The Brazilian higher education market comprises both public and
private institutions, with private enrollment more than tripling over the past two decades. By
2014, 76% of the 8.8 million in-person students attended private colleges, and for-profit institu-
tions accounted for 51% of private enrollment. The sector is highly concentrated, with multiple
colleges often owned by the same firm: The top 10 of 1,161 firms operating in the private higher
education sector account for 42% of total private enrollment, and the top 100 for 72%. The
four largest firms (Anima Holding, Kroton, SER Educacional, and Estdcio) are publicly traded
and represent 29% of private enrollment. Unlike public institutions—which are tuition-free,
more prestigious, and oversubscribed—private colleges charge tuition and tend to operate with
substantial excess capacity. According to administrative data, private degree programs fill only
48% of their reported seats, on average, and nearly 90% enroll fewer than 80% of their capacity.

As a result, most private colleges are effectively non-selective.

The federal student loan program (FIES). FIES provides subsidized loans to students

10



attending private colleges. Established in 1999, it underwent major reforms in 2010 that sig-
nificantly expanded access. New loan contracts surged from fewer than 20,000 in 2009 to over
700,000 in 2014. For FIES-supported students, the government directly pays colleges, covering
up to 100% of tuition costs, with repayment beginning 18 months after graduation or dropout.
By 2014, FIES disbursed USD 5.8 billion annually—15% of the Ministry of Education’s budget
and approximately one-sixth of private colleges’ revenues, comparable to student loans in the
United States (Lee and Looney, 2019). In 2014, the median program enrolled roughly 25% of its
students using FIES loans, with some programs relying on FIES for 100% of their enrollment.
To qualify for FIES, students were required to take the ENEM, a high-stakes exam also
used for admission to federal universities, though no minimum score threshold was imposed.
Eligibility and coverage rates were means-tested, with both criteria depending on family in-
come. Under the rules in place until 2014, students were eligible if their total family income was
below 20 times the federal minimum wage. Loans covered between 50% and 100% of tuition
costs, depending on the ratio of family income to tuition fees.” In 2015, fiscal constraints led
to reforms that tightened FIES eligibility for both students and institutions. We describe these

policy changes in Section 4.1.

Tuition discounts. In addition to government aid, private colleges frequently offer tuition
discounts as a form of financial aid. Discounts are common: In 2014, 14% of incoming private
college students received a discount, with an average discount rate of 33%. These discounts are
not merit-based scholarships but rather part of a price discrimination strategy aimed at students
who otherwise could not afford tuition.® Discounts are typically retained throughout enrollment,
conditional on good academic standing.

Colleges do not explicitly target specific demographics for tuition discounts. Instead, they
employ dynamic pricing strategies similar to those used by airlines and hotels. A prominent
example is the use of online marketplaces, which function like travel fare aggregators (e.g., Ex-
pedia or Hotwire). These platforms post temporary tuition discount offers and require students
to actively search for and secure them. Figure A.1 illustrates the interface of such a platform.
Offers on these marketplaces are typically short-lived. Using administrative records from Quer-
oBolsa, the largest marketplace in the country, we find that 25% of offers are available for less
than 1 week, and 50% are removed 3 three weeks.” It is also important to note that FIES regula-
tions explicitly prohibit colleges from denying tuition discounts to students receiving government

loans.

"See Appendix C for details.

8Students receiving discounts have, on average, 25% lower per capita family income and 0.45 standard devia-
tions lower ENEM scores, and are 25% less likely to have college-educated parents.

9QueroBolsa accounts for 18% of all tuition discounts.
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3.2 Data

Student-level data. We construct a comprehensive dataset on students’ college education,
financial aid access, and demographics by merging data from three sources using individual-
level identifiers. The first source is the Census of Higher Education, which covers the universe
of students enrolled in higher education. It provides detailed information on students’ colleges,
degree programs, and whether they receive tuition discounts, though the exact discount amounts
are not reported. The second source is administrative records from FIES, which tracks students
who receive loans each year and the loan amounts. The third source is the ENEM dataset,
which includes all students taking Brazil’s national standardized exam annually. It provides
student test scores and responses to a comprehensive socioeconomic survey. The survey collects
demographics such as race, gender, family income, high school type, parental education, and

students’ plans to apply for a FIES loan.

Tuition fees. In Brazil, universities are not required to report tuition fees to regulatory au-
thorities, so we rely on four data sources to construct tuition fee records. The first two sources
use administrative data from government-funded grants (PROUNI) and loans (FIES) programs.
Records from the National Education Fund (FNDE) track payments made for students in these
programs, which allows us to calculate tuition fees for participating institutions. The third source
is a nationally representative survey by Hoper, a consultancy specializing in higher education,
which provides tuition data across a broad sample of institutions. The fourth is administra-
tive data from QueroBolsa, Brazil’s largest degree search platform, which offers detailed tuition
prices for participating degree programs. Both the Hoper and QueroBolsa datasets are novel
and typically unavailable to researchers, but we secured access through partnerships with these
private firms. Appendix D.1 details how we combine these sources to compute full and dis-
counted tuition prices for each program.!? Overall, we recover year-specific prices for 95% of

degree-years, covering 98% of total enrollment.

Degree Quality. We measure degree quality using earnings value added, estimated via a
selection-on-observables approach. Specifically, we attribute earnings differences among obser-
vationally similar students attending different programs to the value added by those degrees.
The earnings data come from RAIS, a matched employer-employee administrative dataset that
covers the universe of formal employment in Brazil. The value added estimation incorporates a
rich set of individual-level covariates, including detailed test scores and family income. Appendix
D.2 provides further details on the methodology. We also consider two alternative measures of
degree quality: the average income of a program’s graduates and the average entrance score of
its incoming students. All quality metrics are constructed using the 2010 incoming cohort and

are held fixed throughout the analysis.

0 Three sources—QueroBolsa, FNDE, and PROUNI—provide discount data, though without individual-level
identifiers. We compute the average observed discount for each degree program and use this as its discounted
tuition price.
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3.3 Sample

We define a degree as a combination of major, institution, and shift.!'’ For instance, an economics
program at Pythagoras University offered during the night shift constitutes a distinct degree.
The term college refers to a firm that may operate multiple degree programs across different
campuses and regions. We define regions according to the classification of the Brazilian National
Bureau of Statistics (IBGE), which groups Brazil’s 5,568 municipalities into 137 meso-regions
based on geographic proximity and shared socioeconomic characteristics.

Our analysis covers the period from 2012 to 2017. For computational tractability, we impose
several sample restrictions. While our dataset includes all ENEM takers, we limit the analysis to
students residing in regions with at least 5,000 ENEM takers and 1,000 incoming college students
per year. This yields a sample of 69 regions. We further restrict the data to in-person private
degree programs with at least 15 incoming students annually. Students enrolled in degrees that
fall below this threshold remain in the dataset but are assigned to the outside option. The
same applies to students who enroll in degrees outside the region where they took the ENEM.
Additionally, we exclude students with ENEM scores below 400 or above 700, as they comprise
only about 3% of private college enrollment and are not central to colleges’ pricing decisions.!?
After these restrictions, our final sample consists of over 20 million ENEM takers and 13,567

unique degree programs offered by 695 colleges, covering 88% of ENEM takers nationwide.

4 Descriptive evidence

4.1 Background: The 2015 FIES Reform

Our empirical analysis centers on the 2015 FIES reform—a major policy shift driven by federal
budget constraints that substantially tightened loan eligibility criteria for both students and
institutions. For students, the reform lowered the maximum per capita family income threshold
from 20 to 2.5 times the federal minimum wage and introduced a minimum ENEM score of
450.'3 For institutions, the reform introduced a cap on the number of FIES-funded students
per degree, with priority given to high-quality programs, health-related fields, and institutions
located in low-income regions.'4

In most degree programs, demand for loans exceeded the cap and resulted in the allocation
of loans through a deferred acceptance mechanism that relied on ENEM scores to create degree-
specific cutoffs for loan eligibility. Students scoring above the cutoff qualify for loans and retain
them as long as they stay in the same program. It is important to note that admission to

private degree programs in Brazil is not centralized, and the described mechanism only applies

1 Shift refers to the time of day the degree is offered, either daytime or nighttime.

12Students scoring above 700 represent just 1.5% of ENEM takers, with 75% of them enrolling in public
universities. Those scoring below 400 make up 6% of test-takers, but fewer than 5% pursue higher education.

1310 our sample, 68% of ENEM takers report a family income below 2.5 times the minimum wage. An ENEM
score of 450 corresponds approximately to the 25th percentile.

MFor a detailed description of the loan allocation process, see Appendix C.2.
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to federal financial aid allocation. Also, most private sector degrees are non-selective, which
means that students who do not qualify for a loan due to a low ENEM score can still enroll by
paying tuition out of pocket.

The FIES reform led to a sharp contraction in the number of new loans, dropping from
around 550,000 in 2014 to approximately 150,000 in 2017—a fourfold decline. Figure 2 presents
the key aggregate trends surrounding the reform. Panel (a) shows this steep drop in loan
volume alongside a decline in tuition prices, which fell by 5.2% over the same period. This
decline in prices suggests weakened demand for higher education following the reduction in loan
availability. Note that tuition only declines in 2016, as tuition fees for 2015 were set prior to the
announcement of the policy change.

Panel (b) shows the impact of the reform on the stock prices of the four largest firms in
the higher education sector (Anima Holding, Kroton, SER Educacional, and Estédcio). On the
day the reform was announced, stock prices fell sharply, which indicates that the policy change
was largely unexpected and had significant implications for market expectations regarding future
profits. The persistent lower stock prices in subsequent months suggest that the reform triggered

a structural reassessment of the sector’s financial outlook.

Figure 2: The 2015 FIES Reform: Aggregate Trends
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Notes: This figure illustrates aggregate trends surrounding the 2015 FIES reform. Panel (a) presents the number
of incoming students receiving FIES loans (orange bars) and the average monthly tuition price across all private
degrees (blue bars) for each year. The shaded gray area indicates the year the reform was being implemented.
Tuition prices are computed as the enrollment-weighted average of full prices for each degree and are deflated to
2014 price levels. Panel (b) illustrates the stock prices of the four largest higher-education conglomerates, which
collectively serve 30% of students with federal loans. Stock prices are normalized to 100 on the day preceding the
reform announcement, and the x-axis is set so that week 0 corresponds to the announcement week. Stock price
data were sourced from GoogleFinance.

4.2 Effects of financial aid on tuition and enrollment

We use the FIES reform to examine how tuition fees and enrollment respond to changes in
financial aid availability. To measure exposure to the reform, we exploit the introduction of

caps on the number of students with loans who are allowed to enroll in each degree program.
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Importantly, these caps were set independently of the number of students with loans before the
reform. As a result, degree programs with higher pre-reform loan enrollment experienced larger
reductions in loan availability.

To capture this variation, we follow an approach similar to Black et al. (2023) and construct
a degree-level exposure measure that reflects the extent to which the cap constrained loan

availability in each program. Specifically, we define exposure as

maX{NjL,2012 - Nj» 0}

Nj 2012

Exp; = (6)
where N jL,2012 represents the number of FIES-funded students in degree j in 2012, Nj 2012 the
total enrollment in the same year, and Nj the degree-specific loan cap imposed by the policy.'®
Figure A.2 shows that our exposure measure, Exp;, is strongly associated with the change in
the share of students with loans between 2014 and 2017: A one standard deviation increase
in exposure corresponds to a 16 percentage point decline in loan usage, confirming that more
exposed degrees experienced larger reductions in FIES-funded enrollment.

A potential concern with this exposure measure is mean reversion: Degree programs with
high pre-reform loan uptake may trend toward the mean over time. To mitigate this, we define
exposure using 2012 data, 3 years before the reform. Also, we restrict our estimation to 2013
onward to avoid confounding shocks that may have influenced both high loan uptake and other
variables in 2012.

Building on this variation, we examine how the 2015 reform affected a range of outcomes

across degrees with different levels of exposure. Specifically, we estimate the following regression:
Outcomej; = v; + vre + Z B - U{t =1} - Exp; + €, (7)
1

where 3; are our coefficients of interest and capture the effect of exposure over time. The
term -; represents degree fixed effects, v,; accounts for region-year fixed effects, and €;; is an
idiosyncratic error term.

Figure 3 presents the estimated coefficients for several outcomes. The results show parallel
pre-trends, and thus support the validity of attributing post-2015 changes to the reform and
mitigate concerns about mean reversion.

Panel (a) confirms that more exposed degree programs experienced a decline in the share of
students using loans. Panel (b) shows that these programs also reduced tuition fees, suggesting
that greater loan availability is associated with higher prices. As discussed in Section 4.1, tuition
prices for 2015 were already set when the reform was announced, so tuition effects are only
observed starting in 2016. Panel (c¢) reveals that more exposed degrees also faced a decline in
enrollment. The effects are economically meaningful: in 2017, a one standard deviation increase

in Exp; is associated with a 2.1% decline in tuition and a 9.2% drop in enrollment. Finally,

15We do not observe caps for programs that did not participate in FIES. Instead, we predict their caps based
on field of study and region, which are the primary determinants of cap allocation in the government’s formula.
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Panel (d) shows that more exposed degrees experienced an increase in the number of students
paying out of pocket—Ilikely reflecting both the tuition reduction and the enrollment of students

who take out loans when available but still choose to enroll without them.

Figure 3: Differential Exposure to the 2015 FIES Reform
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Notes: This figure reports OLS estimates of 3; from Equation (7). The error bars represent 95% confidence
intervals and standard errors are clustered at the college-year level. The outcome in Panel (a) is the share of
incoming students with loans; in Panel (b), the log number of incoming students; in Panel (c), the log monthly
tuition fee; and, Panel (d), log number of incoming students not using a government loan. Tuition prices are
calculated as enrollment-weighted averages of full and discounted prices for each degree-year and are deflated to
2014 price levels. The vertical line marks the reform’s announcement.

In parallel with the FIES reform, the federal government implemented several fiscal adjust-
ments in 2015, leading to broader economic shifts. While the FIES reform was the most direct
policy change affecting higher education, macroeconomic conditions could also have influenced
the estimates shown in Figure 3. For example, degree programs more exposed to the reform
might be tied to fields of study and occupations that were disproportionately impacted by other
policy changes. To assess whether our results are driven by such concurrent factors, we augment
Equation (7) with region-major-year fixed effects, which control for region-specific trends across
fields of study. The results—shown in Figure A.3—are consistent with our baseline estimates.

This robustness suggests that the observed effects are not confounded by other simultaneous
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policy shifts, and that degrees more exposed to the FIES reform were not disproportionately

affected by broader economic changes.

4.3 Direct and composition effects

We now examine whether the tuition adjustments observed after the FIES reform align with
the predictions of our conceptual framework. In particular, we test whether tuition fees re-
spond differently in markets in which the composition effect is expected to be more pronounced.
According to our framework, the impact of financial aid on tuition depends on the difference
between the overall price elasticity of demand and the elasticity among aid recipients—captured
by the term 175 — 7 in Equation (5). The theoretical prediction is that a larger value of 175 -7
strengthens the composition effect, thereby offsetting the downward pressure on prices from the
direct effect of reduced loan availability.

A key challenge, however, is that these elasticities are not directly observable. While we
estimate them formally later in the paper using an equilibrium model of supply and demand in
higher education, a descriptive analysis requires a tractable approximation based on observable
data. Specifically, we assume that the price elasticity of demand is inversely related to income
and use the average income of enrolled students to proxy for the overall elasticity. Similarly,
we approximate the elasticity among aid recipients using the average income of FIES loan
recipients. Based on this logic, we construct An; as the log difference between the average
income of all students at degree j’s college and the average income of FIES loan recipients at
the same college, using 2012 data—the first year of our sample. We interpret this measure as a
proxy for the elasticity gap, 175 — .16

This measure provides meaningful insight into differences in price elasticity under two key
assumptions. First, income must serve as a valid proxy for price sensitivity.'” Second, the
income distribution of enrolled students should mirror the characteristics of the broader pool of
prospective students that a college might attract. When these conditions are met, a larger gap
between the average student’s income and that of loan recipients should correspond to a greater
difference in the respective price elasticities.

Using this variable, our model predicts that at institutions where loan recipients have incomes
similar to those of the average student, increased financial aid availability should lead to higher
tuition. In contrast, at colleges where loan recipients come from substantially lower-income
backgrounds, an expansion in loan usage should result in a more muted tuition response—or
even a decline—due to the stronger composition effect.

To empirically assess the role of this mechanism, we leverage the FIES reform and extend

Equation (7) to allow for heterogeneity in tuition responses driven by differences in An;. Specif-

Figure A.4 shows substantial variation in An;. Among degrees in the top 5% of this distribution, loan
recipients are, on average, 75% poorer than the overall student body. In contrast, in the bottom 5% they are only
8% poorer.

17This assumption is supported by the model estimates reported in Table A.2, which indicate that lower-income
students are more price sensitive than higher-income ones.
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ically, we estimate:
log pjt = v + vt + Bo - post, - Exp; + Bc - post, - Exp; - Anj + vje, (8)

where log p;; denotes the log of the average tuition fee for degree j in year ¢, post; is a dummy
variable equal to one for years following the 2015 reform, and the remaining terms follow the
notation from Equation (7). Our key parameters of interest are Sy and Bc. The coefficient [
captures the average association between loan usage and tuition prices. Meanwhile, 5o measures
the interaction between loan usage and income differences between students with and without
loans, which captures the composition effect of financial aid targeting.

Our estimation sample excludes 2012 for the reasons discussed in Section 4.2. In addition, in
2015, colleges had already set their prices when the reform was announced but students had not
yet made their enrollment decisions, which makes that year difficult to interpret. As a result, our
preferred specification also excludes 2015 and focuses on two pre-policy years (2013 and 2014)
and two post-policy years (2016 and 2017). As a robustness check, Table A.1 reports estimates
using the full sample (2012-2017). The results closely align with our baseline findings, which
indicates that these sample restrictions are not quantitatively consequential.

Table 1 reports OLS estimates of Equation (8). Column (1) examines the relationship be-
tween financial aid availability and tuition without accounting for heterogeneity in An. The
result indicates that more exposed degrees reduced tuition following the reform. This is con-
sistent with Figure 3, Panel (b), and reinforces the finding that greater loan availability is
associated with higher tuition. The effect is substantial: A one standard deviation increase in
exposure corresponds to a 2.0% decline in tuition post-reform.!®

Column (3) introduces heterogeneity by An and reveals a substantial composition effect.
As An increases, the relationship between exposure and tuition becomes less negative. The
magnitude of this effect is considerable: Our estimates indicate that for degrees in the bottom 5%
of An, a one standard deviation increase in exposure is associated with a 3.9% decrease in tuition
post-reform. In contrast, for degrees in the top 5%, the same increase in exposure corresponds
to a 0.1% increase in tuition. This suggests that in high An programs, the composition effect
outweighs the direct effect.

To address potential confounding factors, Columns (2) and (4) introduce region-major-year
fixed effects to control for broader policy changes in 2015 that may have impacted the education
sector. Also, Column (5) accounts for potential pre-trends by including year fixed effects inter-
acted with An. Across all specifications, the results remain consistent and statistically robust,
reinforcing the validity of our findings.

Overall, our results align well with the predictions of our conceptual framework. The findings
highlight the critical role of financial aid targeting in shaping tuition responses, which provides

suggestive evidence of a composition effect. These results suggest that financial aid programs

18 As discussed in Section 4.2 and shown in Figure A.2, a one standard deviation increase in exposure corresponds
to a 16 percentage point decline in loan usage between 2014 and 2017.
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can have markedly different price effects depending on the characteristics of aid recipients,
underscoring the importance of considering student composition when designing and evaluating

financial aid policies.

Table 1: Direct and Composition Prices Effects of the 2015 FIES Reform

Dep var: logpj: (1) (2) (3) (4) (5)
post x Exp -0.106%**  -0.102***  -0.099***  -0.100*** -0.098***
(0.028) (0.020) (0.022) (0.019) (0.020)
post x Exp x An 0.503***  (0.395%**  (.359**
(0.151) (0.142) (0.155)
Observations 13,447 11,695 13,447 11,695 11,695
Degree FE Yes Yes Yes Yes Yes
Region-Year FE Yes Yes Yes Yes Yes
Major-Region-Year FE No Yes No Yes Yes
A Inc-Year FE No No No No Yes

Notes: This table reports OLS estimates of Equation (8). The dependent variable is the log of tuition for each
degree-year. Tuition is calculated as the enrollment-weighted average of full and discounted prices, deflated to
2014 levels. “Exposure” measures a degree’s exposure to the 2015 FIES reform; “post” indicates post-reform
years; and An is the log difference between the average income of all students and the average income of FIES
loan recipients at each college in 2012. The sample includes two pre-reform years (2013 and 2014) and two post-
reform years (2016 and 2017). Standard errors, clustered at the college-year level, are in parentheses. Asterisks
indicate statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

5 An equilibrium model of higher education with targeted aid

We now introduce an expanded equilibrium model of higher education, building on the frame-
work outlined in Section 2.2. While the core economic forces remain the same, the extended
model incorporates features that more accurately reflect the complexities of higher education
markets. In particular, we allow for multiple colleges competing within each market, each of-
fering a portfolio of degree programs and engaging in price discrimination. These extensions
enable us to conduct counterfactual simulations and examine the equilibrium effects of alterna-

tive financial aid designs, such as need-based and merit-based targeting.

5.1 Demand

Our demand model consists of a continuum of risk-neutral students, indexed by i € Z, each
characterized by their household income w; and exam score h;. We denote geographic regions
by r and years by ¢, with each region-year combination treated as a distinct market indexed
by rt. Each degree j is specific to one region r and may span multiple years ¢t. Each student
belongs to only one market and makes a one-time enrollment decision. The sets of students and

degrees in each market are represented by Z,; and J¢, respectively. Degrees are non-selective,
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meaning that students can enroll in any degree available in their market or choose the outside
option.

We assume that the utility derived by student ¢ from enrolling in degree j consists of three
main components. The first two capture the experience utility associated with the degree: a
mean utility term and an idiosyncratic component that reflects individual heterogeneity. To-
gether, these two terms account for factors such as expected labor market returns and the
consumption value of education. The third component captures the disutility associated with
the financial cost of attending the program.

Formally, the utility function is given by

_ 0 1
Uijt = d; + it - (Oéij + oy  Dijt) - 9)
mean utility  individual utility financial costs

The first component, d;;, represents the mean utility value of the degree and depends on program-

specific characteristics and broader market conditions. We parameterize it as
djt = 05 + Op(jye + it (10)

where J; captures degree fixed effects and absorbs time-invariant characteristics of the program.
The term d,(;); accounts for region- and time-specific market conditions that influence demand.
Lastly, &;; represents unobserved, time-varying demand shocks that affect the degree’s overall
attractiveness.

The second component, i, captures individual-specific utility derived from the degree,
beyond the mean value. We define this utility component, which depends on individual charac-

teristics, as
pije = B" - hi + BY - w; + e, (11)

where 8" and S* measure the impact of a student’s exam scores h; and income w; on their
baseline utility relative to the outside option—defined as the utility of not enrolling in a private
degree program, with Ujo; = €jo0¢.'° Finally, €;j¢ is a student-specific demand shock, which we
assume follows a generalized extreme value distribution and allows for unobserved heterogeneity
in individual preferences.

The third component, oz% + oz}jpijt, captures the financial costs associated with enrolling in
1

ijo
accounts for financing-related factors that influence

a given program. We allow this component to depend on tuition through «;., which reflects

the student’s price sensitivity. The term a%
enrollment but are independent of tuition levels. For instance, student who face severe liquidity

constraints may be unable to enroll in any program, even the least expensive ones. This means

19Tn our context, it is essential to link utility to scores and income, as we do in Equation (11), because public
universities—included in the outside option—admit students based on exam scores, h. Also, income, w, might
influence preferences for public universities. Thus, a student’s utility from the outside option depends directly on
their exam performance and income.
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that marginal tuition changes would have little impact on their enrollment decisions.
The price, p;;¢, faced by student 7 depends on whether they qualify for discounts, as specified

below:

F .
Dy if Dij =0
pijt = pjt(Dij) = i)’ . ’
pjt’ lf Dij = 1,
where pft and ijt are the full and discounted tuition rates for degree j in year ¢, and D;; indicates
whether student ¢ has a discount in degree j.

We allow student loans to influence the financial-cost component of utility through two
1

ij
financing, a?j. Loans reduce price sensitivity by lowering the present value of expected tuition

channels: by altering price sensitivity, «; ., and by affecting the baseline utility cost of education

payments through two mechanisms: subsidized interest rates and the possibility of loan default.

Also, loans may influence the baseline financing cost by easing liquidity constraints and serving

as a behavioral nudge that encourages enrollment.

0 L
ij 52
flexibly depend on the student’s loan status and student characteristics. Specifically, we define:

We capture these various channels by allowing the financial parameters, o;. and a; ., to

afy = af - Lij+agp-wi- Lij (12)

loga,}j = a1+a3”-wi+Oé,1;'Lij+Oé%UL'wi'Lija (13)

where L;; indicates whether student ¢ would use a loan if they enroll in degree j. The parameters
a% and 0‘2; 1, capture how baseline utility depends on loan status and its interaction with income.
The terms o' and o}, reflect average price sensitivity and its variation with income, while a}:

and oz%u ;, allow loans to affect price sensitivity differently across income levels.

5.2 Financial aid allocation

Financial aid is assigned at the student-degree pair level, and students choose their enrollment
knowing both their loan, L;;, and discount status, D;;, for every degree. We model financial aid
allocation using the following latent variable framework:

Lij = Wpy-wi+pfy = Vi) Lhi > Hji} (14)

Dij = H{Pfu) Cw; p?(j)t 2 791'[])'}7 (15)

where 1921;]- and 195 are idiosyncratic error terms that follow a logistic distribution and capture
unobserved individual disutility in searching for a loan or discount for a given degree program.
Students’ propensity to receive loans and discounts also depends on their income through the
parameters p% and pZ, respectively, which reflects the fact that both eligibility and the likelihood
of seeking financial aid might depend on household income. We also assume that the government

sets degree-specific loan score thresholds, as defined by H j.
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The parameters pj%( and p?( ) capture systematic unexplained variation in the share of

N .
students with loans ancji)discounts] in a given college f. This is motivated by the fact that we
observe substantial variation in financial aid usage across degree programs, even after controlling
for student characteristics. This variation is attributed to factors not explicitly modeled, such
as the social stigma associated with such aid (Moffitt, 1983; Finkelstein and Notowidigdo, 2019)
and differential access to information about financial aid (Castleman and Page, 2015).2°

Students choose among the degrees available in their market or the outside option to maxi-

mize their utility. Therefore, enrollment decisions are given by
gij = L{Uij > U, Vk € Tpe },

where ¢;; represents whether student 7 enrolls in degree j. We can then calculate the share of

students enrolled in degree j in market ¢ with financial aid status (,d) as
sit(l,d) = E [1{Ly =1} - 1{D;; = d} - q;5]i € I,] (16)

where I denotes the expectation operator over preference shocks, ¢;;, and financial aid shocks,

vk 195-. The total market share for degree j in market ¢ is given by

R
Sjt: Z Z Sjt(l,d).

1e{0,1} de{0,1}

5.3 Supply

Each college f offers a set of degrees Jy and each degree is associated with a time-varying
marginal cost cj;. Colleges choose both full and discounted prices for each of their degrees to

maximize expected profits:
F F D D
Max(pr poy ;. Djegy Sic Pje = Git) + 55y - (P = cje + Kje), (17)

where sﬂ = > ieq01y 5it(1,0) and sﬁ = > ieqo.1y Sit(l, 1) represent the enrollment of students

paying full and discounted prices, respectively. We decompose marginal cost as follows:
Cjt = Cj + Cr(j)t T Wit, (18)

where c; are degree fixed effects, c,(;); are market fixed effects, and w;; is a degree-year-specific

cost shock.

208tigma is lower at colleges where aid usage is more common, making students more willing to accept aid
when surrounded by peers who do the same. Access to information also matters: as discussed in Section 3, many
students rely on online platforms like QueroBolsa to learn about aid. Colleges with lower name recognition tend
to attract more students through such platforms, leading to higher aid usage. Consistent with this, discount
shares are negatively correlated with program age—a proxy for reputation. On average, an additional 10 years
of program age is associated with a 2.1 percentage point decline in discount shares. Among the oldest 5% of
programs, the average discount share is 16%, compared to 26% among the youngest 5%.
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The difference between full and discounted prices is partly driven by differences in the demand
curves of students paying full versus discounted prices. For instance, if discounted price demand
is more elastic, discounted price markups will be lower than full price ones, leading to larger
discounts. The structural error term xj; captures residual variation in the difference between
full and discounted prices that cannot be explained by differences in demand. It accounts for
unmodeled factors, such as reputational concerns, that may influence a college’s discount policies.
For example, institutions might offer larger discounts to cultivate a socially responsible image
or, conversely, restrict discounts to signal exclusivity.

As discussed in Section 3.1, tuition discounts are prevalent in the Brazilian higher education
market. As a result, students with and without loans may face different net prices, which weakens
the composition effect. To capture this interaction between loans and discounts, our framework
departs from standard Bertrand-Nash oligopoly models (e.g., Berry et al., 1995; Nevo, 2001)
by allowing colleges to set two prices for each program: one with discounts and one without.
Nonetheless, the mechanics of the model remain similar to the Bertrand-Nash framework, since
enrollment with and without discounts can be treated as distinct products offered by the same
college.

To map the standard framework (one price per product) to our model (two prices per prod-
uct), we introduce some notation. Let §,; be a vector that collects the number of students

enrolled in each degree in market rt, with and without discounts:

2 — (D D F F /
Srt = (817"t’ ceey 8._77»157‘15’ STpty ooy SJT-tTt) .

Note that §,+ contains twice as many elements as there are degrees in market rt. Analogously,
Drt» Crt, and Ky collect prices, marginal costs, and x;;’s of degrees in market 7, and are ordered
as Sp¢. The elements of these vectors are indexed by ¢, and each element d,; of J,:t is a dummy
indicating whether element ¢ refers to the discounted version of a degree.

Taking the first-order conditions from Equation (17), the optimal pricing equation is

Purt = Curt + A;tb’,]grt — Kurtdurt, (19)
where A;h ] is the tth row of the inverse of A,;. The (¢,v) element of the matrix A,; is defined

as

—% , if ¢« and v belong to the same college,

A7“15[L,v] - (20)
0 otherwise.

Equation (19) features the standard forces that drive prices in an imperfect competition en-

vironment. First, degrees with higher marginal costs charge higher prices. Second, the markup
-1

Tt[ba']
in prices influence enrollments across all programs offered by the college. If students who re-

term, A Syt, represents the inverse of the demand sensitivity matrix and captures how changes
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ceive discounts are more price elastic—perhaps because they tend to have lower income—then
discounted markups will generally be smaller than full-price markups. The final term, &,,+d,¢,
deviates from the typical framework and represents a structural error that captures unexplained
variation in the difference between full and discounted prices, and reflects factors such as repu-

tation or branding strategies.

5.4 Discussion

The role of price discrimination. The stylized model in Section 2.2 assumes uniform pricing,
whereas the full model incorporates price discrimination, which alters the mechanics of the
composition effect. In a setting without price discrimination, the composition effect hinges
on the difference between the overall price elasticity of demand and the elasticity specific to
loan holders. When colleges practice price discrimination, however, the same degree with and
without discounts effectively represents two different products from the perspective of pricing
decisions, as each is associated with a distinct demand curve. This differentiation can weaken
the composition effect.

To illustrate, consider a scenario where loan holders have much lower incomes than the av-
erage student, leading to a more elastic demand curve. Absent price discrimination, this would
imply a strong composition effect. However, if all loan holders receive tuition discounts and these
discounts are also targeted at other low-income students, the composition effect diminishes. In
this case, the elasticity of loan holders becomes comparable to that of other discounted students,
highlighting how the relationship between discount allocation and loan assignment shapes the

composition effect.

Limitations of the model. Even though our model is flexible enough to capture several key
features of this market, it has three important limitations. First, colleges take demand as given.
This assumption simplifies the analysis but overlooks the potential for colleges to change demand
through investments in educational quality, infrastructure, or marketing.

Second, the model assumes that colleges do not control which students receive loans and
discounts. For government loans, this assumption reflects legal constraints that prevent colleges
from rejecting students based on loan status. For discounts, it reflects the fact that students
self-select through financial aid platforms such ah QueroBolsa, which leaves colleges with limited
control over which students receive discounts. However, colleges may still influence financial aid
uptake by, for example, establishing offices to assist students in navigating the loan application
process (Bettinger et al., 2012). Also, colleges can increase the duration for which their discounts
appear on financial aid aggregator websites, which expands the share of students who find and
use these discounts. For simplicity, we abstract from these issues and assume that colleges take
financial aid allocation as given.

Third, our latent variable model—presented in Equations (14) and (15)—determines the

allocation of financial aid, which in practice depends on both eligibility and take-up. We do not
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model eligibility and take-up separately. This limitation may affect our counterfactual simulation
results, as it precludes a connection between tuition prices and aid usage. For instance, in reality,
a student might avoid taking up a government loan due to stigma when prices are low but may

decide to take it when prices increase—a behavior not captured in our simulations.

6 Model Estimation

We estimate our model using the generalized method of moments (GMM) approach developed by
Berry et al. (1995) (BLP hereafter) and extended by Petrin (2002), which combines instrumental
variables and micro-moments to identify the model’s parameters. We first outline the moments
and instruments used in the estimation, followed by a detailed explanation of the construction

of the estimator. Finally, we present the parameter estimates and evaluate the model’s fit.

6.1 Moments

Price instrument. A critical challenge in estimating demand is the potential correlation
between prices and the unobserved demand shock, §;;, which requires the use of an instrument
for prices. To address this issue, we leverage the 2015 federal loans reform, which introduced a
maximum number of students with loans per degree program. Because this cap was independent
of degrees’ pre-reform loan usage, degrees with more students using loans prior to the reform were
disproportionately affected. In Section 4.2, we use Equation (6) to define an exposure measure,
Expj, based on each degree’s pre-reform loan usage, and show that degrees more affected by
the reform experienced larger tuition reductions. Motivated by these findings, we define the
following instrument:

Zji = Exp; - posty,

where post, = 1{t > 2015} is an indicator for post-reform years.

We use this instrument to estimate price elasticities, assuming that Z;; is uncorrelated with
unobserved demand and supply shocks, conditional on region-year and degree fixed effects. For-
mally, we impose the moment conditions E[Z}; - {;;] = 0 and E[Z}; - wj;] = 0. These conditions
imply that the correlation between price changes and policy exposure observed in the data re-
flects equilibrium responses, rather than a spurious correlation between unobserved shocks and

1 Section 4 provides two pieces of supporting evidence. First,

the exposure instrument th.Q
degrees with higher and lower exposure followed parallel trends in a range of outcomes prior to
the reform. Second, the reduced-form relationship between exposure and post-reform outcomes

remains robust when controlling for major-region-year fixed effects.

Exogenous variation in loan status. To estimate the effects of loans on demand, we exploit

the discontinuity in loan access at the eligibility score threshold. As described in Section 3.1,

2'This is consistent with Kargar and Mann (2023), who show that the price effects of federal student loan
reforms in the U.S. are driven by changes in markups rather than costs.
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students apply for loans through a centralized admission system that produces loan-eligibility
score cutoffs for each degree in the system (see Appendix C for a detailed description of the
allocation system).

Section 5.4 describes two channels through which access to loans may influence enrollment
decisions: an increase in baseline utility, a%, and a reduction in price sensitivity, ozlL. While
both effects can raise the likelihood of enrollment, a reduction in price sensitivity may also
induce students to select more expensive programs. To separately identify these mechanisms,
we construct two moment conditions: The first captures the log difference in enrollment rates
for students just above and just below the eligibility threshold; the second captures the corre-
sponding log difference in total tuition expenditures. We construct these moments by pooling
all degree-specific discontinuities.

To account for heterogeneity in loan effects by income, captured by a?v 1, and a}v 1, we estimate
both moments separately for students in four household income bins. This yields eight empirical
moments, which we include as micro-moments in our GMM estimation. These moments disci-
pline the model to reproduce the observed patterns in enrollment and spending across income
groups. Appendix E.1.2 formally defines these moments, and Figure E.1 provides a visualization
of the underlying variation in the data.

These moments identify the effects of loans on demand because, in the model, the only factor
affecting enrollment that changes discontinuously at the eligibility cutoffs is access to loans. This
identification strategy relies on two key assumptions.

First, there are no systematic differences between students just above and just below the
eligibility cutoffs. In our setting, scores are determined by a centralized national exam, and
program-specific cutoffs vary widely and are not known ex ante. Therefore, there is no scope for
manipulation that could generate discontinuous differences at the thresholds. Appendix E.1.3
provides empirical support for this assumption: The score distribution is smooth, and a series
of predetermined student characteristics are balanced across the thresholds. The second as-
sumption is the exclusion restriction, which states that crossing the loan eligibility cutoff affects
enrollment solely through access to the loan itself. No other government policy is linked to these
thresholds, and regulations prohibit colleges from conditioning admission or tuition discounts

on loan status. These institutional features support the validity of the exclusion restriction.

Other micro-moments. Our model incorporates heterogeneity in students’ baseline utility
based on exam scores, 3, and income, 3, as well as in price sensitivity by income, al. To
estimate these parameters, we include the following three micro-moments: the average score of
enrolled students, the average income of enrolled students, and the average income of students
enrolled in degrees with a price above the median. To estimate the effect of income on the
likelihood of receiving a loan, prLU, or a discount, pg , we incorporate two additional micro-
moments: the average income of students who receive loans and the average income of those
who receive discounts. Equations that define these micro-moments are provided in Appendix

E.2.
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6.2 Estimation

We estimate the model using the sample described in Section 3.2, which encompasses the in-
person private higher education market across the 69 largest regions in Brazil. The sample
comprises 13,567 unique degree programs offered by 695 colleges. We exclude 2012 and 2015 for
the reasons discussed in Section 4. The year 2012 is omitted to avoid a mechanical correlation
between structural shocks and exposure to the FIES reform, as exposure is measured in 2012.
The year 2015 is excluded because the FIES reform was announced after tuition prices for that
year had already been set. Consequently, 2015 loan allocations followed post-reform rules, while
tuition prices were determined under the expectation of pre-reform rules. This inconsistency
complicates the interpretation of college and student behavior during that year.

Let 0 denote the vector of all model parameters, encompassing the preference parameters
defined in the utility function in Equations (10), (11), and (13); financial aid usage parameters
from Equations (14) and (15); and supply parameters in Equation (17). To estimate these
parameters, we collect the moments described in Section 6.1 in a vector m(f), which we then
use to define the GMM objective function:

Q(6) = g (O)Wm(6). (21)

where W is the optimal GMM weighting matrix.

Our estimation approach builds on the methodology of BLP, while extending it to incorporate
additional high-dimensional parameters specific to our model. In standard BLP estimation, 6
includes two sets of high-dimensional parameters: mean utilities, d;;, and marginal costs, c;;.
These parameters are recovered as follows. First, d;; is estimated by a fixed-point contraction
that ensures that the market shares predicted by the model match those observed in the data.
Second, c¢;; is recovered by inverting the firms’ first-order conditions (FOCs). From 6;; and cj;
one can recover the model residuals, £;; and wj;, and use them to construct moment conditions
m(6). Thus, the algorithm minimizes Q(6) subject to the constraint whereby equilibrium prices
and market shares in the model must align exactly with their counterparts in the data.

In contrast, our model requires estimating five sets of high-dimensional parameters: mean
utilities, d;¢; loan usage propensities, p]Lc(j)t; discount usage propensities, p?(j)t; marginal costs,
cj¢; and the structural errors that govern discount magnitudes, x;;. To estimate these param-
eters, we extend the BLP approach. The first three sets of parameters are recovered using
fixed-point contractions that ensure that specific quantities in the model match their observed
counterparts in the data. Specifically, matching degree-year market shares yields ¢;;, while
matching the share of students with loans and discounts in each college provides pf(j)t and
p?(j) ;» respectivelly. We recover the remaining two sets of parameters, cj; and kj;, by inverting
the firms’ FOCs, leveraging the fact that firms optimize two choice variables (pﬁ and pﬁ). Sim-
ilar to the standard BLP, our estimator minimizes Q(#) subject to the constraint whereby these
five model-predicted quantities must match their empirical counterparts. In Appendix E.3, we

formally define the estimator.
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6.3 Model estimates

We report the estimated preference and targeting parameters in Table A.2 and the distributions
of price elasticities, marginal costs, and markups in Figure A.5. The median price elasticity is
-2.73, consistent with prior research on the private higher education sector (Armona and Cao,
2024; Barahona et al., 2025). Our estimates confirm that price sensitivity varies with both
student income and loan status. The median price elasticity for students with below-average
income is —3.91, whereas for those with above-average income it is —2.42. Also, taking a loan
reduces individual price sensitivity, «;, by 23.8% on average.

The median tuition price and marginal cost are $4,152 and $2,620, respectively. The implied
median markup is 0.37, which indicates that colleges exert substantial market power. The
median structural error that governs unexplained differences between full and discounted prices,
Kt, 18 $788, which implies that colleges behave as if educating discounted students entailed a lower
marginal cost. Such behavior could reflect true differences in the cost of serving different types of
students or, alternatively, colleges may derive additional utility from enrolling these students—
perhaps due to reputational gains or a desire to signal a commitment to social inclusion.??

Our estimates of the financial aid targeting parameters, presented in Panel B of Table A.2,
suggest that loans are effectively directed toward low-income students, while tuition discounts
exhibit significantly weaker targeting. A one standard deviation increase in family income de-
creases the probability of receiving a loan by 7.1 percentage points. In contrast, the same
increase in income reduces the likelihood of receiving a tuition discount by only 0.7 percent-
age point. These findings are consistent with descriptive patterns in the data: Loan receipt is

substantially more correlated with family income than tuition discounts, as shown in Figure A.6.

Interpreting the estimates: Direct and composition effects. We now interpret model
estimates in the context of the relative strengths of the direct and composition effects. As shown
in Equation (5), the direct effect depends on how much loans reduce recipients’ price elasticity,
while the composition effect is stronger when there is a large difference in price elasticity between
students with and without loans. While these two objects are related, they capture distinct
forces: The direct effect reflects the impact of loans on individual price elasticities, whereas
the composition effect depends on how loans are targeted across students with heterogeneous
baseline elasticities.

To quantify these forces, we proceed as follows. Using Equation (14), we first compute
each student’s probability of receiving a loan and organize students into groups based on these

23 We then estimate the price elasticity of demand for each group under two

probabilities.
scenarios: one in which all students receive loans and another in which none do. Comparing
these scenarios allows us to isolate the direct effect of loan receipt on demand, holding fixed the

composition of students within each group. Throughout, tuition prices are held fixed at their

22Markup is defined as pj; =

it —Cj oL . . .
W. Tuition prices, marginal costs, and x are reported in USD per year.

23Because the probability of receiving a loan depends on a student’s chosen degree, we compute, for each
student, the average loan probability across all degree options available in their market.
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observed levels in the data.

The results, presented in Figure 4, reveal two key patterns. First, loans reduce price elastic-
ity. Second, students with a higher probability of receiving a loan exhibit greater price elasticity.
Notably, the difference in elasticity between high- and low-loan-probability groups is substan-
tially larger than the within-group difference between loan and no-loan scenarios. This suggests
that the composition effect plays a quantitatively important role.

We next assess the role of price discrimination. As discussed in Section 5.4, if tuition dis-
counts were targeted similarly to loans, students with and without loans would face different
net prices, potentially weakening the composition effect. In practice, however, loan availability
is strongly correlated with income, while tuition discounts are less so. As a result, loan and
discount usage are only weakly correlated: -0.09 in the raw data, and effectively zero (-0.0001)
using structural estimates that account for endogenous selection into institutions that offer more
discounts. This weak correlation suggests that price discrimination does little to attenuate the

composition effect in our setting.

Figure 4: Price elasticity and loan targeting
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Notes: This figure illustrates the relationship between price sensitivity and loan targeting, as well as the effect of
loans on price sensitivity. The z-axis reports the probability of receiving a loan, computed using Equation (14)
and the estimated parameters from Section 6.3. Students are grouped based on this probability, as represented
by the dots and squares. The y-axis shows the estimated price elasticity of demand for each group under two
scenarios: one in which all students receive loans (orange squares) and another in which no student does (blue
dots). Prices are held fixed at their observed levels in the data. The lines represent quadratic fits.

Model fit and validation. We evaluate the model’s fit by comparing its predictions with
observed data. Table E.1 shows that the targeted micro-moments align closely with empirical
moments. To assess the model’s out-of-sample predictive performance, we test its ability to
replicate the observed price effects of the 2015 loan reform using pre-reform data. As shown in
Figure E.3, the model performs well in predicting post-reform price trends, which reinforces its

reliability for counterfactual policy simulations. Further details are provided in Appendix E.4.
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7 Equilibrium Effects of Targeted Student Loans

In this section, we use our estimated model to quantify how loan availability affects tuition fees
and college enrollment in equilibrium, and examine how different aid-targeting strategies shape
these outcomes. The analysis proceeds in four steps. First, we define the sample and outline the
simulation procedure. Second, we introduce the aid-targeting schemes. Third, we evaluate how
targeting influences tuition prices. Fourth, we assess college enrollment effects, distinguishing
between the direct demand response to aid and the equilibrium adjustments driven by tuition

changes.

7.1 Sample and simulation procedure

Throughout this exercise, we simulate counterfactual scenarios using 2014 data, which capture
the pre-reform market environment. Accordingly, our counterfactual sample includes all 2013
ENEM takers who participated in the 2014 enrollment cycle, subject to the sample restrictions
described in Section 3.3. Since we focus on a single year, we omit the ¢ indices throughout this
section.

To simulate market shares and tuition fees, we use estimated parameters from Equations
(9) and (17), while holding demand and supply shocks (&;, wj, and k;) constant in order to
replicate the 2014 market conditions. Discount allocations are simulated based on the estimated
parameters from Equation (15), with firm-specific discount allocation parameters, pjl? , also fixed
at their 2014 levels.?*

While our model allows discount sizes, pf —ij , to adjust endogenously in response to different
loan policies, the mechanism used to allocate discounts remains fixed. Specifically, the discount
allocation parameters, p2 and p? , do not vary across counterfactual scenarios. As a result, while
students’ enrollment decisions—and thus the overall number of discounts used—may change, the
eligibility criteria for discounts, D;;, remain constant. In other words, institutions cannot modify
how discounts are distributed across students, but shifts in enrollment choices may still affect

the total number of discounts used.

7.2 Loan targeting schemes

We consider five scenarios for allocating loans. In the first, no loans are distributed. In the

remaining four, we vary the targeting scheme used to assign loans:

(0) No-loans: This scenario represents a world without student loans.

(1) Baseline: The scheme is based on the loan allocation observed in the data. Specifically,

we use Equation (14) and assign loans based on the estimated parameters pL and ﬁj’%.%

2YWe simulate discount allocations by drawing the student-degree-specific discount propensity, 195, from a

logistic distribution. Draws are independent across student-degree pairs and held fixed across all counterfactuals.
25Since this allocation corresponds to the pre-reform period, there is no degree-specific loan cutoff, i.e., Hj; =

0. We simulate loan allocations by drawing the student-degree-specific loan propensity, ¥;;, from a logistic
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(2) Random: Loans are randomly assigned to students, with each student having an equal
probability p € [0, 1] of qualifying for a loan across all degree programs. A higher value of

p increases the share of students with loans.

(3) Need-based: Loans are allocated based on students’ income levels w;. Eligibility is deter-
mined by an income percentile threshold p € [0, 1]: Students with pctile(w;) < p qualify
for a loan across all degree programs, where pctile(-) is the percentile function. Lower
values of p restrict aid to the most financially disadvantaged, while higher values expand

accecess.

(4) Merit-based: Loans are allocated based on academic performance h;. Eligibility depends
on a percentile threshold p € [0,1]: Students with 1 — pctile(h;) < p qualify for a loan
across all degree programs. Smaller values of p limit loans to top-performing students,

while higher values expand eligibility.

In loan allocation schemes (2)-(4), the parameter p represents the proportion of students
eligible for a loan. As discussed in Section 5.4, we do not model eligibility and take-up separately;
therefore, all eligible students take up a loan if they enroll.

For each scheme k and eligibility share rate p, we define the total cost of the loan program
as a function of market shares and tuition fees, normalized relative to the cost of the baseline

program.? Specifically, the budget function B (p) is given by

5 [NF@0)0) 4 0) + N0 1)) 740

k
B*(p) = :
where NJ]-"(Z, d)(p) denotes the number of students in degree j with loan status ! and discount
status d under scheme k € {2,3,4}, given a loan eligibility share p. The functions pf k(p) and
p? k(p) represent the full and discounted tuition prices, respectively. The denominator B denotes
the total program cost in the baseline scenario.?” To facilitate comparison across schemes, we
define a scenario as budget-neutral when B¥(p) = 1, which indicates that total spending is held

fixed at the baseline level.

7.3 Impact of loans on tuition fees

To evaluate the overall impact of the loan program on tuition prices, we simulate equilibrium

outcomes under the scenarios described above. Tuition fees—both full prices and discounts—are

distribution. The draws are independent for each student-degree pair. By construction, the baseline simulation
matches the observed firm-level share of students receiving loans.
26This cost reflects the government’s expenditure on tuition for loan recipients while they are enrolled. In all
schemes, we assume the government covers 100% of tuition costs and do not account for future student repayments.
2"Formally, the baseline cost is B = Dies [N} (1,0) - pf™* + N/(1,1) - p/*], where Nj(I,d) denotes the number
of students in degree j with loan status [ and discount status d in the baseline scenario, and pf L and pf L are the
corresponding full and discounted tuition prices.
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determined by Equation (19), while market shares are governed by Equation (16). Our analysis
focuses on average tuition, calculated as the enrollment-weighted mean of full and discounted
prices across degree programs.

Figure 5 shows simulated tuition changes, expressed as percentage differences relative to
the no-loan benchmark. The x-axis plots the share of students assigned a loan, p. Markers
along each line denote outcomes under the budget-neutral version of each scheme, with colors
indicating the corresponding targeting scheme.

We begin by examining the price effects under the baseline loan allocation, indicated by the
black triangle in Figure 5. Relative to the no-loan scenario, this allocation increases equilibrium
tuition by 1.92%. In this counterfactual, loans are assigned according to their empirical distribu-
tion in the data, where loans are imperfectly targeted to low-income students (see Figure A.6).
The net price effect combines an upward force from the direct effect with a downward force from

the composition effect, because loan recipients tend to be more price elastic (see Section 6.3,
Figure 4).

Figure 5: Impacts of loans on prices
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Notes: This figure shows the effect of student loans on tuition under alternative targeting schemes. The y-axis
reports the percentage change in average tuition relative to a scenario with no loans. Average tuition is calculated
as the enrollment-weighted average of full and discounted prices across degrees. Results are based on the baseline
estimated parameters (black triangle) and counterfactual simulations under three alternative targeting schemes:
random allocation (orange line), need-based targeting (blue line), and merit-based targeting (green line). Markers
(square, diamond, and dot) indicate loan programs with the same total budget as the baseline (budget-neutral).
The z-axis represents the loan availability share, p. In the baseline scheme, p denotes the share of student-degree
pairs receiving loans. In the alternative schemes, p represents the share of students receiving loans, with each
loan covering any degree in which the student enrolls.

Next, we examine the effects of random targeting, in which loans are allocated independent
of student characteristics. In this case, tuition responds solely to the direct effect of increased
financial aid, since the composition effect—present when aid is targeted—is absent. Under a
budget-neutral constraint, tuition rises by 2.58% relative to the no-loan scenario, as represented

by the orange diamond in Figure 5. Since only the direct effect operates, tuition increases
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monotonically with the loan eligibility share p, as illustrated by the solid orange line.

We then explore two widely used financial aid allocation strategies: need-based and merit-
based loan targeting. Unlike random targeting, these approaches introduce a combination of
direct and composition effects, which influence tuition through different channels. Under need-
based targeting, loans are directed toward low-income students, which produces a negative
composition effect that exerts downward pressure on tuition. As shown by the blue line in Figure
5, this effect dominates when up to 42% of students receive a loan, and results in equilibrium
tuition below the no-loan benchmark. However, as the share of eligible students expands and
the income of the marginal loan recipient rises, the composition effect weakens. Consequently,
beyond the 42% threshold the direct effect dominates, which causes tuition to increase.

By contrast, merit-based targeting allocates loans to students with the highest test scores—
a group that, as shown in Panel B of Figure A.6, is disproportionately drawn from higher-
income backgrounds. These students tend to be less sensitive to tuition prices, which means the
composition effect works in the same direction as the direct effect, reinforcing upward pressure
on tuition. This pattern is reflected in the green line in Figure 5, which shows that tuition
increases at a higher rate under merit-based targeting than in the random scenario as loan
eligibility share expands.

Overall, we find substantial heterogeneity in tuition responses across targeting schemes,
driven by both direct and composition effects. Under a budget-neutral constraint, merit-based
targeting raises tuition by 3%, while need-based targeting yields only a 0.45% increase. These
outcomes are indicated by the green square and blue circle in Figure 5, respectively. The magni-
tude of this difference suggests that tuition responses can meaningfully amplify—or dampen—the

broader effects of loan programs on college enrollment, which we examine in the next section.

7.4 Equilibrium impacts of loans on enrollment

We now turn to the effects of loan targeting on college enrollment, focusing on two key outcomes:
total enrollment and enrollment in high-quality degree programs. We define “top” degree pro-
grams as those in the top 10% of the quality distribution, as measured by degree value added.?
All results are expressed as percentage changes relative to enrollment levels under the no-loan
scenario.

To disentangle demand- and supply-side effects, we construct two counterfactual enrollment
measures for each targeting scheme. The first, demand-only, captures the effect of loan avail-
ability on students’ enrollment decisions while holding tuition fixed in the no-loan scenario.
The second, equilibrium, incorporates supply-side responses by allowing tuition to adjust en-
dogenously to changes in demand, thereby capturing the full impacts of the loan program. For
clarity, we focus on the case of a budget-neutral loan program, with results summarized in Figure

6. Additional results that explore variation in loan eligibility share are reported in Figure A.7.

28 Appendix D.2 outlines the methodology used to construct the degree quality measure. Figure A.8 reports
robustness results using alternative definitions.
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In the demand-only counterfactual, need-based targeting generates the largest increase in
total enrollment (32.5%), followed by the baseline scenario (24.6%), random allocation (18.2%),
and merit-based targeting (11.5%). These differences are driven by two factors. First, the
number of students who receive a loan but would have enrolled even without one. Under a
budget-neutral constraint, allocating more loans to these students reduces the number of loans
available for students who enroll only if they receive financial aid. Second, targeting schemes
that concentrate loans on more expensive degrees exhaust the budget more quickly, which results
in fewer loans being offered overall. Indeed, students with above-median test scores are 1.9 times
more likely to enroll without a loan than those with below-median scores, and enroll in degrees
that are 13% more expensive, on average. As a consequence, the merit-based scheme—which
targets high-score students—generates a weaker impact on enrollment.

While overall enrollment responses vary substantially across schemes, enrollment in top pro-
grams rises by roughly 30% under all scenarios. This convergence is driven by sorting: Even
when liquidity constraints are relaxed, low-income students are more likely to enroll in lower-tier
programs, which attenuates the impact of need-based targeting on top program enrollment.?’

In the equilibrium counterfactual, price adjustments amplify the differences in overall en-
rollment across targeting schemes. Under all schemes, enrollment falls relative to the no-loan
scenario; this reflects the fact that, under a budget-neutral constraint, tuition rises in all schemes
(as shown in Figure 5). The modest price increase under need-based targeting reduces the en-
rollment gain only slightly, from 32.5% to 31.1%. In contrast, the sharper tuition increases
under merit-based targeting offset much of the initial enrollment gains, with the increase falling
from 11.5% to just 2.9%. These patterns highlight how endogenous price responses can critically
shape the aggregate impact of loan programs.

The effects on enrollment in high-quality programs vary substantially across targeting schemes
once tuition adjustments are taken into account. Under need-based targeting, price effects
slightly amplify enrollment in top programs, which increases the impact of loans on top enroll-
ment from 31.7% to 33.0%. This amplification occurs because tuition declines for top programs
in this scenario. Figure A.9 illustrates these program-specific price changes. By contrast, under
merit-based targeting, tuition increases are especially pronounced for top programs and reduce
the enrollment gain from 31.8% to 15.4%.

Taken together, our findings highlight the central role of targeting in determining the effec-
tiveness of student loan programs and have important policy implications. First, need-based
programs that prioritize low-income students not only expand access to higher education for
recipients but can also exert downward pressure on tuition, thus potentially improving afford-
ability for all students—regardless of loan status. This dual effect underscores the strength of
low-income targeting as a policy tool. Second, the results suggest that merit-based programs,

which allocate aid based on academic achievement, may contribute to rising tuition and poten-

29This sorting reflects factors such as prices, geographic proximity, or personal preferences, rather than admis-
sions constraints. In the data, top programs operate at only 57% of reported capacity, versus 47% for non-top
programs—both far below full utilization.
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Figure 6: Equilibrium effects of loans on enrollment

40- 40+
30

204

A Enrollment (%)

A Enrollment in top degree (%)

2.9

(1) Baseline (2) Random (3) Need 4) Mert ; (1) Baseline (2) Random (3) Need (4) Merit
I Demand-only B Equilibrium I Demand-only B Equilibrium
(a) Total enrollment (b) Enrollment in top degree programs

Notes: This figure shows the effects of student loans on enrollment under alternative targeting schemes. Outcomes
are reported as percentage changes relative to a scenario with no loans. For each targeting scheme, simulations
are conducted at an eligibility share p that ensures a constant total loan program budget equal to the baseline
level (budget-neutral). Panel (a) presents effects on total enrollment, while Panel (b) focuses on enrollment in
programs in the top 10% of the value-added distribution. Orange bars allow for supply-side responses by letting
tuition adjust endogenously; blue bars hold prices fixed at their observed levels.

tially undermine affordability and restrict broader access.

It is important to note that our analysis isolates the price effects of targeting and abstracts
from other dimensions of financial aid design. For instance, students with higher academic
achievement may have lower dropout rates, generate positive peer effects, and exhibit higher loan
repayment rates—factors that could enhance the financial sustainability and broader benefits of
aid programs. While our findings highlight the sensitivity of tuition responses to the structure
of aid targeting, these price effects should be considered alongside other factors when evaluating
the overall desirability of alternative financial aid designs.

8 Conclusion

In this article, we make three key contributions. First, we show that the impact of targeted
financial aid can be decomposed into a direct effect, which raises tuition, and a composition
effect, which may increase or decrease tuition depending on the targeting scheme. Second,
we provide empirical validation by leveraging a major reform in Brazil’s federal student loan
program. Third, we develop and estimate an equilibrium model of higher education. Using the
estimated model, we show that a need-based loan program would increase tuition by only 0.4%,
on average, relative to a no-loan scenario. In contrast, a merit-based scheme—i.e.,; allocating
loans to students with high test scores, which are strongly correlated with high income—would
raise tuition by 3.0%. Moreover, enrollment gains relative to the no-loan scenario range from
31.1% under need-based targeting to just 2.9% under merit-based targeting.

The insight that the incidence of subsidies includes a composition effect has broader relevance
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beyond higher education and offers a valuable lens for understanding price responses in other
markets with imperfect competition. For instance, Polyakova and Ryan (2022) show that the
effects of the Affordable Care Act on health insurance prices hinge on how subsidies are targeted.
Similarly, in housing markets, targeted government subsidies often interact with privately set
rents. Numerous studies have examined the impact of housing subsidies on rent prices, yielding
heterogeneous results across settings (Gibbons and Manning, 2006; Fack, 2006; Eriksen and Ross,
2015; Brewer et al., 2019; Hyslop and Rea, 2019; Ramirez Sierra et al., 2024). Investigating the
role of the composition effect in these contexts could help explain this variation and represents

an important direction for future research.
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A Appendix Figures and Tables

Figure A.1: Example of a Tuition Discount Marketplace Interface
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@ Vantagem Quero Bolsa > Mensalidade gratis

Até quanto pode pagar?

R$ 1.800/més
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Notes: This figure presents a screenshot from QueroBolsa, Brazil’s largest online marketplace for tuition discounts.
The platform’s interface enables students to filter and select degree programs by location, field of study, and tuition
price. Additional details are provided in Section 3.1.



Figure A.2: Differential Exposure to the 2015 FIES Reform
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Notes: This figure displays a binned scatter plot illustrating differential exposure to the 2015 FIES reform, based
on degree-level data. The z-axis reports the exposure measure defined in Section 4.2, while the y-axis shows the
change in the share of incoming students with loans between 2014 (pre-reform) and 2017 (post-reform).



Figure A.3: Differential Exposure to the 2015 FIES Reform — Robustness
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Notes: This figure presents OLS estimates of 3. from Equation (7), controlling for region-major-year fixed effects.
Error bars denote 95% confidence intervals, with standard errors clustered at the college-year level. Panel (a)
shows the share of incoming students with loans; Panel (b), the log number of incoming students; Panel (c),
the log monthly tuition fee; and Panel (d), the log number of incoming students not using a government loan.
Tuition prices are calculated as enrollment-weighted averages of full and discounted prices for each degree-year
and deflated to 2014 levels. The vertical line indicates the reform’s announcement.



Figure A.4: Distribution of An
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Notes: This figure shows the distribution of An, defined as the log difference between the average income of
all students at a given college and that of FIES loan recipients at the same college, based on 2012 data. See

Section 4.3 for further details.

Figure A.5: Price Elasticities, Marginal Costs, and Markups
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Notes: Panel (a) displays the distribution of price elasticities; Panel (b) shows marginal costs; and Panel (c)

presents the implied markups. All quantities are derived from the model described in Section 5, using the

estimated parameters from Section 6.



Figure A.6: Financial Aid Allocation, ENEM Scores, and Income
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Notes: This figure presents the relationship between financial aid allocation, test scores, and household income.
In both panels, the z-axis reports log household income (in annual dollars). Panel (a) plots the share of enrolled
students receiving loans (orange squares) or tuition discounts (blue dots). Panel (b) shows average ENEM scores.
Both panels display binned scatter plots with equally sized bins, and the lines represent quadratic fits. The sample
includes two pre-reform years (2013 and 2014) and two post-reform years (2016 and 2017), and is restricted to
regions with at least 5,000 ENEM takers and 1,000 incoming college students per year.



Figure A.7: Equilibrium effects of loans on enrollment by program size
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Notes: This figure shows the effect of student loans on enrollment under alternative targeting schemes. The y-axis
reports the percentage change in enrollment relative to a scenario with no loans. Panels (a) and (b) display total
enrollment effects, while Panels (¢) and (d) focus on enrollment in programs in the top 10% of the value-added
distribution. Panels (b) and (d) incorporate supply-side responses by allowing tuition to adjust endogenously,
whereas Panels (a) and (c) hold prices fixed at their observed levels. Results are based on the baseline estimated
parameters (black triangle) and counterfactual simulations under three alternative targeting schemes: random
allocation (orange line), need-based targeting (blue line), and merit-based targeting (green line). Markers (square,
diamond, and dot) indicate loan programs with the same total budget as the baseline (budget-neutral). The a-
axis represents the loan availability share, p. In the baseline scheme, p denotes the share of student-degree pairs
receiving loans. In the alternative schemes, p represents the share of students receiving loans, with each loan
covering any degree in which the student enrolls. See Section 7 for additional details on the simulation procedure.



Figure A.8: Equilibrium effects of loans on top enrollment—Alternative Quality Measures
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Notes: This figure presents the effects of student loans on enrollment under alternative targeting schemes. Out-
comes are expressed as percentage changes relative to a scenario with no loans. For each scheme, simulations
are conducted at an eligibility share p that holds the total loan program budget constant at the baseline level
(budget-neutral). Both panels focus on enrollment in degrees in the top 10% of the quality distribution. Panel (a)
ranks degrees by the average income of former students, while Panel (b) ranks them by the average ENEM score
of incoming students. Orange bars allow for supply-side responses by letting tuition adjust endogenously; blue
bars hold prices fixed at their observed levels. See Section 7 for additional details on the simulation procedure.

Figure A.9: Impacts of loans on prices in alternative budget-neutral scenarios
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Notes: This figure shows the effect of student loans on tuition under alternative targeting schemes. The y-axis
reports the percentage change in average tuition relative to a scenario with no loans. Average tuition is calculated
as the enrollment-weighted average of full and discounted prices across degrees. For each targeting scheme,
simulations are conducted at an eligibility share p that ensures a constant total loan program budget equal to the
baseline level (budget-neutral). Panel (a) presents effects on tuition across all programs, while Panel (b) focuses
on programs in the top 10% of the value-added distribution. See Section 7 for additional details on the simulation
procedure.



Table A.1: Direct and Composition Prices Effects of the 2015 Policy Change — Extended Sample

Dep var: log pj, 0 @ ) 4 ()
post x Exp -0.096***  -0.093***  -0.088%*F*  -0.090*** -0.091***
(0.026) (0.020) (0.021) (0.018) (0.018)
post x Exp x An 0.451%#%  (0.393%**  (0.413%**
(0.153) (0.148) (0.147)
Observations 22,569 19,911 22,569 19,911 19,911
Degree FE Yes Yes Yes Yes Yes
Region-Year FE Yes Yes Yes Yes Yes
Major-Region-Year FE No Yes No Yes Yes
A Inc-Year FE No No No No Yes

Notes: This table reports OLS estimates of Equation (8). The dependent variable is the log of tuition for each
degree-year. Tuition is calculated as the enrollment-weighted average of full and discounted prices, deflated to
2014 levels. “Exposure” measures a degree’s exposure to the 2015 FIES reform; “post” indicates post-reform
years; and An is the log difference between the average income of all students and the average income of FIES
loan recipients at each college in 2012. The sample goes from 2012 to 2017. Standard errors, clustered at the
college-year level, are in parentheses. Asterisks indicate statistical significance: * p < 0.10, ** p < 0.05, ***
p < 0.01.



Table A.2: Model Estimates

Panel A: Preferences

gh 3.532
(0.008)
B -0.604
(0.002)
oy 0.171
(0.002)
ad,  -0.583
(0.003)
o -5.339
(0.002)
al,  -0.354
(0.001)
af  -0.191
(0.002)
al, -0.135
(0.001)

Panel B: Financial Aid Targeting

pk -0.9564
(0.0004)
PP -0.0521
(0.0004)

Notes: This table reports GMM estimates of the model described in Section 5. The estimation sample includes
two pre-reform years (2013 and 2014) and two post-reform years (2016 and 2017), and is restricted to regions with
at least 5,000 ENEM takers and 1,000 incoming college students per year. Section 6 provides additional details
on the sample and estimation procedure. Standard errors, clustered at the degree level, are in parentheses.



B Derivation of Equation (5)

We begin by writing the firm’s first-order condition from the profit maximization problem:

s
a—p(p—c)—i—S—O.

Solving for p:
S
p=c— 55- (B.1)
9p

Step 1: Differentiate both sides of Equation (B.1) with respect to p

0S . 98 8S\2d 925 25 d
__d(5)__ o o T (9y) % — 5 G, — 57 3y S
dp dp g% (QTS)Q
p
Now isolate %:
as . as 529
@: _870'377—*_3'8;;6,)
dp (8—5)2 9_ _ S S
NN
op

Therefore, dl;l’fp can be written as

dlogp 1 dp 1 dp op 9pdp (B.2)
d,O p d,O p oS 2 S 92s
(879> 2- <gs>2 " op?
P
Step 2: Formulas for % and g;g;}

Recall Equation (4):

P 1
S:/ sfdz‘+/ sV di,
0 p

where sl’; and SZN L denote the probabilities that student i enrolls in college with and without a
loan, respectively.

Differentiating .S with respect to p and applying the Leibniz rule yields

05

e sg — s]pVL, (B.3)

where the subscript p indicates that the enrollment probabilities (sL and s are computed for

NL
p p)

the student in the margin between receiving a loan or not.
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Now differentiate S with respect to p:

— = L d;.
op o Op

oS P 83% ) /1 OsNL
= di +
p Op

Differentiate ‘g—i with respect to p and apply the Leibniz rule again

8528 08’5 dsVL

_ p

Opdp - Op op

Step 3: Simplifying the numerator of Equation (B.2)

Define the following elasticities:

p 0S
n= —§ : 87’
P
L p 0Osy
np - 85 8]) I
NL p 652“
Mo = siE Op
Using these elasticities, we can write % and %égp as
as  nS
dp p’
L NL
928 _ L_Si+nNL.Sp
Ipdp Pop P

Substitute Equation (B.3) into the numerator of Equation (B.2):

2
05 95 o S _

05 NI, O0S g %S
dp Op

. — L — P .
Opdp (55 =5,7) op + Opdp’

Now substitute Equation (B.4) into Equation (B.5):

98 98 0928 S sk

“dp 9p T apap PP

Simplifying Equation (B.6):

L .NL L.L , NL.NL
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— - L
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Step 4: Simplifying the denominator of Equation (B.2)
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Define curvature as

g . 228
A % (B.8)

(%)

Substitute Equations (B.4) and (B.8) into denominator of Equation (B.2):

Step 5: Inserting Equations (B.7) and (B.9) into (B.2)
Inserting Equations (B.7) and (B.9) into (B.2):

dlogp _ 1 3 [n(sy —s)"") —mysg +myts”
Dy 2
dpp (%) @-»
NL L _ NL
L1 s (VL — L)i(Li).SP_SP
22— S e e o =1 sVE ’
Finally, defining @ = & - 1. - %2 ive at th ion for Equation (5 ted
inally, defining @ = .5 - 575 - %, we arrive at the expression for Equa ion (5) presente

in the main text:
S, — 8

NE Ly _ (). 5850
(np np) (np n) SNL
)

dlogp
dp

0.

C The Brazilian Federal Student Loan Program (FIES): Details

C.1 Coverage rate
C.1.1 Pre-reform

Between 2010 and 2014, following Portaria Normativa MEC 10, 2010, the percentage of educa-
tional charges financed through FIES was based on the student’s tuition burden as a share of
their per capita gross family income. The percentage of income commitment is calculated using

the formula established in Article 7:

(\gS = RF> - 100,

where:

e VS is the total semester tuition (valor da semestralidade) charged to the student by the

institution of higher education, inclusive of all collective and regular discounts offered by
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the institution, including prompt payment reductions, regardless of course frequency or

modality;

e RF is the student’s gross monthly per capita family income, computed by dividing the
family’s gross monthly income by the number of family members as defined in Article 8 of

the regulation.

Article 6 defines the coverage tier based on this income burden:

e 100% financing: Available when the income burden is greater than or equal to 60%.

e 75% financing: Available when the income burden is greater than or equal to 40% and less
than 60%.

e 50% financing: Available when the income burden is greater than or equal to 20% and less
than 40%.

C.1.2 Post-reform

Between 2015 and 2017, in accordance with Article 6 of Portaria Normativa MEC 10, 2015,
the percentage of educational charges financed through FIES was based on the student’s family

income, as defined in Annex V of the regulation. Specifically, the financing percentage f is

f= [1_<’f?'1§;—di)] - 100,

e f: percentage of tuition covered by FIES,

computed using the formula

where:

e ki": marginal income commitment rate for income bracket 7,

R;: gross monthly per capita family income in reais,

d;: deductible amount in reais for income bracket 7,
e m: tuition charged by the higher education institution in reais.

The parameters k;" and d; vary by income bracket, as specified in the table below. To
ensure that students participate in the cost of education, the student’s minimum out-of-pocket
contribution is subject to a floor known as the minimum participation value (VMP). If the
implied contribution (k" - R; — d;) falls below the VMP, the student must instead contribute
the VMP.
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Table C.1: Parameters for FIES Financing Formula

Income Bracket Marginal k]* Deduction d; VMP Effective Rate
Up to 0.5 minimum wage 15.00% 0.00% 50.00% 15.00%
0.5 to 1.0 minimum wage 26.50% 45.31% 50.00% 20.75%
1.0 to 1.5 minimum wage 38.00% 135.93% 50.00% 26.50%
1.5 to 2.0 minimum wage 49.50% 271.86% 50.00% 32.25%
2.0 to 2.5 minimum wages 61.00% 453.10% 50.00% 38.00%

Notes: This table is taken from Annex V of Portaria Normativa MEC 10, 2015. The income brackets reported
in the first column represent household income and are expressed in terms of minimum wages per capita. The
column labeled ”Effective Rate” shows the average student contribution as a percentage of income within each
bracket.

C.2 Loan allocation

Starting in 2015, FIES introduced a centralized allocation mechanism that assigned subsidized
loan contracts to eligible applicants based on ENEM scores and national priorities. The alloca-
tion process had two main stages: degree-level seat allocation and student-level assignment.
Seat Allocation to Institutions. Each semester, the Ministry of Education (MEC) set a
national cap on the number of FIES contracts available. Private colleges submitted proposals
specifying the number of seats and tuition amounts they sought to have financed. The MEC
evaluated these proposals based on degree quality (as measured by Sinaes scores), geographic
location (with preference given to micro-regions with lower Human Development Index scores),
and field of study. Starting in 2016, the allocation formula incorporated 70% of regional ENEM-
based demand and 30% of historical FIES demand, weighted by municipal HDI factors ranging
from 1.3 to 0.7. Within each micro-region, 70% of seats were reserved for priority fields—health,
engineering, and teacher education—while the remaining 30% were allocated to other disciplines.
Final allocations also prioritized programs with higher degree quality.

Student application and ranking. Seats approved by the MEC were published on the FIES
Selegao platform. Eligible students—those with per capita family income below 2.5 times the
minimum wage and a minimum ENEM score of 450 (plus a nonzero essay score)—could apply
during a 4-day window. In 2015, students could select only one degree. From 2016 onward,
applicants could select up to three degree options. Students were ranked by their ENEM average
score, with tie-breakers applied sequentially: essay score, linguistics, math, natural sciences, and
humanities. Spots are allocated through an iterative deferred acceptance mechanism, in which
students are sequentially asked to submit rank-ordered lists over the course of several trial days.
At the end of each day, the system produces a cutoff grade that is the lowest grade necessary
to be accepted by a specific program. Students can change their choices freely during the
trial period. Only the choices made on the last day are used to allocate loans. See Bo and

Hakimov (2019) for a comprehensive discussion of the formal properties of the iterative deferred
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acceptance mechanism.
References. The primary rules were set by Portaria Normativa MEC 8/2015 (for 2015),
13/2015 (for 2016 onward).

D Data: Details

D.1 Tuition Fees

We construct degree-level tuition prices by integrating data from four sources. The first two
sources are administrative records from Brazil’s government fellowship and loan programs,
PROUNI and FIES, obtained from the National Education Fund (FNDE). These records track
government payments, which enable us to estimate tuition fees at participating institutions. The
third source is a nationally representative survey conducted by Hoper, a consultancy specializing
in higher education. The fourth source is administrative data from QueroBolsa, Brazil’s largest
degree search platform.

All four datasets report posted tuition fees, which we define as full prices, while all but
Hoper also provide discounted prices. PROUNI reports the average discounted price paid in each
degree-year. FIES provides individual-level tuition data but lacks identifiers to link students to
other sources. Thus, we compute the degree-year discounted price as the mean discount among
all students receiving aid in that year. QueroBolsa reports all discounts offered through its
platform, which we aggregate to obtain a degree-year average.

To estimate full prices, we regress log-prices on degree-year and source fixed effects and
use the degree-year coefficients as estimated prices. This approach accounts for systematic
differences across sources. In cases in which information for a certain year is missing, we run a
regression of the predicted price on degree and year fixed effects, imputing the missing values
based on the sum of the coefficients.

To estimate discounted prices, we first compute discount rates as the difference between log
full and log discounted prices. We then apply the same procedure to combine datasets and
impute missing values, incorporating additional steps when necessary. If the discount rate is
missing for a degree in all years, we regress it on major, college, and year fixed effects. If no
data are available for an entire college, we impute values using major and year fixed effects.

Finally, we reconstruct discounted prices by applying the estimated discount rates to full
prices. Note that we observe an individual-level indicator of discount usage for all enrolled
students in the Census of Higher Education. The procedure described here serves only to
estimate discount magnitudes.

Following this methodology, we recover full and discounted prices for 95% of degree-years,
covering 98.5% of total enrollment. All prices are deflated to 2015 price levels using the Brazilian

consumer price index (IPCA).
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D.2 Estimating Value Added

We track all university entrance exam (ENEM) participants and assign them to degrees based
on their initial college enrollment, or to an outside option if they do not enroll. We then follow
these individuals in the labor market 7 years after the exam, recording their highest salary from
labor market administrative records (RAIS).

Our value added estimation relies on a standard selections-on-observables model (Rothstein,
2010; Angrist et al., 2017), which compares the labor market earnings of students across various
degrees while controlling for test scores and an extensive range of student characteristics. All
values are normalized relative to the outside option of not attending college. We allow the
outside option to vary by region to account for local labor market conditions.

Specifically, we estimate the following model for each region r:

log(Y:) = > VA; - Dij + X{B, + &, (D.1)
J

where Y; represents the wage income of student i; D;; € {0,1} indicates whether student ¢ is
enrolled in degree j; X; includes students’ characteristics, such as gender, age, ENEM score,
and a constant; and &; captures other determinants of income that are uncorrelated with school
enrollment. The term VA; denotes the value added of each degree. We normalize the value
added of the outside option to zero in each region and estimate the model via OLS.

We follow Angrist et al. (2023) and use empirical Bayes shrinkage methods to improve the
precision of estimates. The estimates \ﬁxj from estimating Equation (D.1) via OLS are unbiased
but noisy measures of the underlying degree-specific value added. We investigate the distribution
of VA; using the following hierarchical model:

VA;[VA; ~ N(VAj,s2),
VA; ~ N(uo?),
2

J
ters that govern the distribution of the latent parameters across degrees. Method of moments

where s% is the sampling variance of the estimator \//Rj, while ;2 and o2 are the hyperparame-

estimates of these hyperparameters are given by
X 1 —
po= ) VA,
J
1 . 2
~2 ~ 2
J

where J is the number of programs offered.

The final step in the empirical Bayes estimation is to construct posteriors for the value added
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of each program. Given the model above, the posterior means are given by

72\ —~ 53

J J

By shrinking the noisy estimate of VA; toward the prior mean, the posterior mean reduces
variance, with more shrinkage for programs with noisier estimates. We use the posterior means
as our measure of degree quality.

To estimate the model, we use the universe of ENEM 2010 takers from the 2011 enrollment
cycle and use student labor market earnings in 2017, 7 years after their enrollment decisions.

Because we use only one cohort, our program value added measure remains constant over time.

E Model Estimation: Details

E.1 Loan cutoffs

In this appendix, we detail how we build micro-moments for model estimation using loan eligi-
bility cutoffs. First, we highlight the relevant features of the setting. Second, we formally define
the micro-moments. Third, we describe the underlying variation in the data used to compute

these moments.

E.1.1 Setting

As discussed in Section 4.1, since 2015 the number of FIES-funded students per degree has been
capped. In most programs, demand for loans exceeded this cap, which led to loan allocation
through an iterative deferred acceptance mechanism based on scores on a centralized exam
(ENEM), which generated degree-specific cutoffs for loan eligibility.

We impose two additional sample restrictions throughout this appendix. First, since cutoffs
did not exist before 2015, we restrict the sample to post-2015 years. Second, the cutoff score
for each degree is endogenously determined by the score of the last student assigned a loan. By
definition, this student enrolls in the assigned program; otherwise, the loan would have been
offered to the next student. Following Chaisemartin and Behaghel (2020), we exclude these
students from the analysis.?® The sample otherwise follows the definition in Section 6.2 and is

consistent with the rest of the paper.

E.1.2 Cutoff-based microments for model estimation

We incorporate loan eligibility discontinuities in the estimation by matching the log difference
in outcomes between students just above and just below the cutoff. We focus on two key

outcomes: enrollment and tuition expenditures. To account for heterogeneity, we match these

30 Although the setting in Chaisemartin and Behaghel (2020) does not map exactly to ours—since they consider
a randomized waitlist—it provides the most closely related econometric framework, to the best of our knowledge.
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moments separately for each quartile of household income. Formally, we include the following

micro-moment in the estimation:
log (Elyij | Byj, wi € Wy]) —log (Elyij | Byj, wi € o)), Vv e {1,2,3,4}, (E.1)

where B,;; = {hjt < hi < hjs + bw} and B;; = {hjt — bw < h; < hj;} indicate whether student i
falls within the bandwidth bw above or below the cutoff hj; for degree j. Household income is
denoted by w;, and w, represents the set of incomes in quartile v. The outcome variable y;; is

either ¢;;, an indicator for enrollment, or p;;qg;j, which captures tuition expenditures.

E.1.3 Reduced-form results

We provide reduced-form estimates of the effect of loans by structuring the problem as a standard
regression discontinuity (RD) design. Our goal is to provide clear visualization of the data
underlying the estimation of Equation (E.1) and test for manipulation. Specifically, we estimate

the following local linear regression:
Yij = ,30 + ﬁ . AbOVQZ’j + BL . (hz — Ej) + BH . AbOVGij . (hz — EJ) + €5, (EQ)

where Above;; = 1{h; > E]-} is an indicator for whether student i’s ENEM score h; is above the
loan eligibility cutoff Ej for degree j. The outcome y;; is either g;; or p;;g;;, as defined in Section
E.1.2. Our parameter of interest is 5, which captures discontinuous change in the outcome at
the cutoff. The coefficient 3y is a constant term, 87, and By control for piecewise linear trends,
and ¢;; represents residual variation.

The dataset is structured at student-degree level, which means that each student appears
multiple times, once for each degree in their market. Students can only enroll in one degree. We
follow Calonico et al. (2014) to determine the optimal bandwidth to estimate Equation (E.2).

Results are shown in Figure E.1. Panel (a) presents the distribution of the running variable,
the relative score h; — Ej. The distribution is smooth, with no evidence of manipulation at the
cutoff. We formally test for manipulation using the approach of McCrary (2008), as implemented
by Cattaneo et al. (2018), and fail to reject the null of no manipulation (t-statistic = 0.16, p-value
= 0.87).

Panel (b) in Figure E.1 plots the relationship between relative scores and enrollment. There
is a clear discontinuity in enrollment probability at the loan eligibility cutoff, which indicates
that students are more likely to enroll in a degree program when they qualify for a loan in that
degree. The effect is substantial: Estimates from Equation (E.2), reported in the figure, indicate
that students are 0.076 percentage points more likely to enroll in a degree when they are eligible

for a loan.?! Panel (c) plots the relationship between relative scores and tuition expenditures.

31The enrollment probability for students just below the cutoff is 0.36 percentage points. This number is low,
because it reflects the probability of enrolling in one specific degree out of all available options. The average
number of degrees in a given market is 88.
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The results show that tuition expenditures are also higher just above the cutoff compared with

just below.

Figure E.1: Loan Eligibility: Regression Discontinuity Estimates
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Notes: This figure presents results from a regression discontinuity analysis of loan eligibility effects. The sample
is at student-degree level, so each student appears once for each degree in their market. The running variable is
the relative score, defined as the difference between a student’s ENEM score and the FIES loan eligibility cutoff
for that degree. Panel (a) shows the distribution of relative scores. Panels (b) and (c) present binned scatter plots
with relative scores on the z-axis. The outcome in Panel (b) is an indicator for enrollment; in Panel (c), tuition
expenditures. OLS estimates of Equation (E.2) are reported in both panels. Standard errors, clustered at degree
level, are in parentheses.

To assess whether students just above and just below the cutoff differ in important ways,
we estimate Equation (E.2) using a series of predetermined student characteristics as outcomes.
Figure E.2 presents the results for household income and indicators for whether at least one
parent has a college degree, whether the student attended a public high school, and whether
they reported an intention to apply for a FIES loan when taking the ENEM exam. All variables

are balanced across the cutoff.

Figure E.2: Loan eligibility: Regression discountinuity balance
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Notes: This figure presents regression discontinuity balance tests, assessing whether predetermined student char-
acteristics change discontinuously at the loan eligibility threshold. The sample is at student-degree level, so each
student appears once for each degree in their market. The running variable is relative score, defined as the dif-
ference between a student’s ENEM score and the FIES loan eligibility cutoff for that degree. Each panel reports
OLS estimates of Equation (E.2) using a different predetermined characteristic as the outcome variable: (a) log
household income (in annual dollars); (b) an indicator for whether at least one parent attended college; (c) an
indicator for whether the student attended a public high school; and (d) an indicator for whether the student
reported an intention to apply for a FIES loan when taking the ENEM exam. Standard errors, clustered at degree
level, are in parentheses.
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E.2 Other micro-moments

Other micro-moments used in the model estimation are defined as follows:

I [hiq:

Average score of enrolled students: M
E [gi;]

Average income of enrolled students: M
I [gi;]

E |:wiqij | Pft > median(pﬂ)]

Average income of students in high-price degrees:
E [Qij |pﬁ > Inedian(pﬁ)}

E [wigi; | Lij = 1]

Average income of enrolled students with loans:

B gij | Lij = 1]

Elwa: | Dii =1

Average income of enrolled students with discounts: wid | Dy )
E [gij | Dij = 1]

E.3 Estimator

Our estimation approach builds on the methodology of BLP, while extending it to incorporate
additional high-dimensional parameters specific to our model. Formally, our estimator minimizes
Q(0) subject to the constraint whereby five model-predicted quantities match their empirical

counterparts:
0" =arg n%in Q)

subject to

]E[q’bj |j7t] :gjtv Vj,t,

E| Y qjLij fat]
7 ~
JEIft :Sfclt, Vf,t,
E| > qj|fit
JET st N ] (E3)
E| > a;Di fat]
]Ejft — gj%? Vf? t)
E| Y g f,t]
JETft

Dt = Cut + At_[bly}gt, Vi s.t. dy =0,
Pt = Cyt + Ai} }gt — Ky, Vst dy =1,

)

where @ is the GMM objective function, defined in Equation (21).
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E.4 Model Fit

We now assess the fit of the model. Table E.1 presents the targeted micro-moments. Since the
model is overidentified, it does not replicate the data moments exactly, but the deviations are

small.

Table E.1: Model Fit: Targeted Micro-Moments

Data Model
E[score|enrolled] 0.532 0.541
E[incomel|enrolled| 9.130 9.174
E[incomel|enrolled, high price degree] 9.366 9.347
E[incomel|enrolled w/ loan] 8.79  8.797
E[income|enrolled with discount] 9.006 8.976
Enrollment discountinuity, inc 1 0.505 0.518
Enrollment discountinuity, inc 2 0.496 0.438
Enrollment discountinuity, inc 3 0.514 0.450
Enrollment discountinuity, inc 4 0.484 0.461

Tuition expenses discontinuity, inc 1 8.766 8.779
Tuition expenses discontinuity, inc 2  8.752 8.712
Tuition expenses discontinuity, inc 3  8.758 8.706
Tuition expenses discontinuity, inc 4  8.687 8.692

Notes: This table evaluates the fit of the model described in Section 5, estimated via GMM as detailed in Sec-
tion 6.2. Each row corresponds to a micro-moment targeted in estimation. The column labeled “Data” reports
the empirical value of each moment, while the “Model” column reports the corresponding simulated value implied
by the estimated model. “Score” refers to performance on the centralized high school exit exam (ENEM), normal-
ized to lie between 0 and 1. “Income” and “Price” are expressed in log annual dollars. “Discontinuity” captures
enrollment and tuition expenditure discontinuities at the loan eligibility threshold, as described in Appendix E.1,
and is reported separately by income quartile. Additional details on the construction and interpretation of these
micro-moments are provided in Section 6.1.

Our primary goal with the model is to predict equilibrium prices under counterfactual loan
policies. To assess the model’s predictive accuracy, we evaluate how well it replicates the observed
price effects of the 2015 loan reform. Specifically, we simulate what prices would have been
post-2015 if all other factors had remained constant, except for the allocation of loans. In this
simulation, we hold mean utilities, d;;, costs, ¢j; and x;¢, and discount allocations, D;;, at their
2014 levels, while allowing loan allocation, L;;, to follow its 2016 and 2017 levels.??

Figure E.3 presents the results. The model predicts a 4.3% decline in tuition in 2016 and a
5.2% decline in 2017, compared to declines of 5.8% and 7.7% observed in the data, respectively.
This implies that, according to the model, between 68% and 74% of the observed post-reform
tuition decline can be attributed to changes in loan availability. The remainder is driven by other
shifts in market conditions, captured in the model by changes in mean utility on the demand
side and costs on the supply side. The model’s ability to explain a large share of the observed

price decline underscores the central role of student loans in shaping tuition levels, as well as

32For degree programs that only existed post-reform, we predict pre-reform mean utility and costs using the
program’s field of study, region, and the age of its institution.
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the model’s capacity to predict equilibrium outcomes under alternative loan policy scenarios.

Figure E.3: Model Fit: Price Effects of the 2015 FIES Reform
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Notes: This figure evaluates the predictive accuracy of the model introduced in Section 5 by assessing its ability
to replicate the observed price effects of the 2015 FIES reform. The blue bars represent the average tuition prices
observed in each year, while the orange bars display simulated post-reform prices under a counterfactual scenario
in which all factors remain constant at their 2014 levels, except for loan allocation. Tuition prices are computed
as the enrollment-weighted average of full and discounted prices across degrees. Further details on this simulation
are provided in Appendix E.4.
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