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1. Introduction

Selecting the right talent is crucial to the success of organizations. A fundamental challenge
faced by recruiters is incomplete information on candidate quality. To address this challenge,
recruiters often rely on signals of candidate quality from mechanisms like standardized tests
or case interviews. Yet candidates have an incentive to manipulate their signals through
preparation or even outright cheating, particularly when the positions they are applying for
are highly desirable.1

An important question for the design of talent selection mechanisms is whether the poten-
tial for manipulation degrades the quality of the signal. Social scientists have long hypoth-
esized that strategic manipulation erodes the reliability of signals, an idea that is known
as Goodhart’s Law (Goodhart, 1975) or Campbell’s Law (Campbell, 1979).2 Theoretical
models of “muddled information” (Frankel and Kartik, 2019) show that, as the stakes of a
mechanism increase, signals become more informative about an individual’s gaming ability
and less informative about the natural action individuals would take absent signaling con-
cerns.3 But it is theoretically ambiguous whether recruiters would prefer to observe signals of
candidate quality with or without gaming. Gaming ability may reflect a candidate’s knowl-
edge of the recruiting mechanism or manipulation skills that are unrelated to productivity,
but it could also reflect work ethic, interest, or other desirable attributes.

This paper conducts an empirical evaluation of the relationship between stakes and signal
quality in the context of admission exams for elite universities. We exploit a unique natu-
ral experiment in Brazil in which a low-stakes test that measured high school quality was
repurposed into a high-stakes admission exam for the country’s most selective universities.
Our empirical strategy holds the structure of the exam and the composition of exam takers
fixed and asks how the increase in exam stakes impacted two important outcomes: 1) test
score gaps between advantaged and disadvantaged students; and 2) the predictive power of
test scores for individuals’ academic potential.

It is ex ante unclear how test score inequality and informativeness change as the stakes of an
exam increase. Absent signaling concerns, the students who perform better on exams may be
those with high intrinsic motivation, conscientiousness, and aptitude (Kreps, 1997; Bénabou
and Tirole, 2003). This is consistent with a common belief among education researchers
1 Influential books such as The Tyranny of Metrics (Muller, 2018) have popularized the notion that agents
strategically manipulate signals of their quality in various high-stakes settings.
2 Goodhart’s Law is named after economist Charles Goodhart, who wrote: “When a measure becomes a
target, it ceases to be a good measure” (Goodhart, 1975). Campbell’s Law is named after psychologist
Donald Campbell, who noted that “the more any quantitative social indicator is used for social decision-
making, the more subject it will be to corruption pressures and the more apt it will be to distort and corrupt
the social processes it is intended to monitor” (Campbell, 1979).
3 In this literature, gaming ability refers to the marginal cost of improving the signal, while natural action
is the signal individuals send without stakes.
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that low-stakes test scores are a better measure of student learning than high-stakes scores
because there is less of an incentive to manipulate performance (e.g., Amrein and Berliner,
2002). Further, critics often argue that the use of high-stakes college admission exams helps
wealthy students game the system through expensive test prep and other score-boosting
strategies (Buchmann et al., 2010; Soares, 2015).4 Thus an increase in exam stakes could
widen demographic test score gaps and also degrade the quality of the test score signal. On
the other hand, “gaming ability” could reflect skills that are important for college success
like work ethic, grit, or the capacity to learn new material. The distribution of these skills
may be less related to family background than the distribution of low-stakes test scores. In
this case, higher stakes could reduce socioeconomic test score gaps while also making exam
scores more informative about college potential.

To provide empirical evidence on these relationships, we examine the rollout of a national
standardized admission exam for elite Brazilian universities. From 2009–2017, Brazil’s sys-
tem of highly selective federal universities transitioned from their own university-specific
admission exams to a common test called the ENEM (Exame Nacional do Ensino Médio).
Federal universities in di�erent states varied in the timing at which they adopted the ENEM
in admissions (Machado and Szerman, 2021; Mello, 2022). Importantly, the ENEM was also
used to measure school quality, so many high school seniors took the exam regardless of its
role in college admissions. Since most Brazilian students attend college close to home, this
meant that some ENEM participants took a low-stakes (from their perspective) school qual-
ity exam, while others took a high-stakes test that governed admission to the most selective
universities in their state. We define a sample of high school seniors who were likely to take
the ENEM regardless of its role in college admissions, and exploit the variation in exam
stakes across states and cohorts in a di�erence-in-di�erences design.

To implement our design, we link administrative records from the ENEM exam to na-
tionwide college and labor market data. The ENEM data include individuals’ responses to
each exam question, which allows us to ask how the increase in exam stakes a�ected stu-
dents’ overall scores in each subject as well as their performance on di�erent types of exam
questions. We measure college enrollment, persistence, and graduation outcomes using the
2010–2019 waves of Brazil’s higher education census. Lastly, we measure labor market wages
using Brazil’s national employer-employee data for the years 2016–2018. Using these data,

4 Goodman et al. (2020) show that higher-income students are more likely to retake the SAT, which raises
their admission-relevant scores. A�uent students are also more likely to hire tutors and procure special test
accommodations like extended time. See: “SAT/ACT tutoring: $1500 for 90 minutes. And 14 sessions are
required. Really,” Valerie Strauss, The Wall Street Journal, August 31, 2014; and “Many More Students,
Especially the A�uent, Get Extra Time to Take the SAT,” Douglas Belkin, Jennifer Levitz and Melissa
Korn, The Wall Street Journal, May 21, 2019.
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we ask how the increase in the stakes of the ENEM impacted test score gaps between ad-
vantaged and disadvantaged students and the informativeness of scores as measured by the
correlation coe�cient between test scores and outcomes.

We have two main findings. First, test score gaps between advantaged and disadvantaged
students widened on the higher stakes exam. Gaps in average ENEM scores between private
and public high school students expanded by roughly 10 percent when federal universities
adopted the ENEM in admissions (relative to the mean gaps in pre-adoption cohorts). This
increase was driven by private school students earning higher scores on the high-stakes exam.
Racial and other socioeconomic test score gaps expanded by a similar percentage. The
magnitude of our estimates implies that there was a significant increase in the selectivity of
the university programs that private school students could gain access to.

Second, the increase in exam stakes caused ENEM scores to become more informative
for students’ academic potential. The adoption of the ENEM exam by federal universities
increased the correlation coe�cients between ENEM scores and students’ college persistence
and graduation outcomes by roughly 10–30 percent, depending on the outcome measure.
The predictive power of scores increased both overall and measured among students who
attended the same college programs, which shows that our findings are driven by an increase
in the informativeness of scores rather than by a causal impact of the scores on the programs
students attended. Our results on the informativeness of ENEM scores for earnings are
inconclusive because our labor market data is measured too early in students’ careers.

To shed light on mechanisms, we show that the higher-stakes test led to an improvement in
private school students’ performance across a wide range of exam skills. The adoption of the
ENEM by federal universities led to especially large increases in the scores of students who
attended private high schools with test-prep-oriented curriculum, suggesting that our results
are partly driven by exam preparation. But our question-level analysis shows that private
students performed better across a wide range of exam skills that are aligned with high
school and college curricula. Further, exam skills in which we observe larger improvements
in private students’ performance also tend to be more predictive of college outcomes relative
to other skills. This suggests that test prep for the higher-stakes ENEM was not confined to
narrowly-targeted skills that merely raise exam scores; rather, private students’ score gains
reflected a broad set of skills that are informative for academic potential.

Our paper provides empirical evidence that informs theoretical work on how gaming im-
pacts signals of performance. Many signaling models assume that the principal’s goal is to
minimize the agent’s ability to manipulate their signal (e.g., Holmstrom and Milgrom, 1991;
Ederer et al., 2018; Perez-Richet and Skreta, 2022; Ball, 2024). Models of “muddled infor-
mation” (Fischer and Verrecchia, 2000; Frankel and Kartik, 2019, 2022) show that signals
become relatively more informative about an agent’s gaming ability when the stakes of the
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interaction increase. But as Frankel and Kartik (2019) acknowledge, it is unclear whether
gaming makes signals more or less informative for outcomes of interest to observers. We
show that the influence of gaming ability on standardized tests makes the resulting scores
more informative for academic potential. This challenges the common assumption that the
gaming of college admission exams necessarily distorts or adds noise to the signal (Krishna
et al., 2022; Lee and Suen, 2023). Our findings suggest that gaming ability can instead reflect
beneficial characteristic like learning capacity or non-cognitive skills.

Relatedly, our paper is unique within research in the economics of education in showing
that higher stakes can increase the informativeness of exams. A large empirical literature
finds that educators strategically respond to high-stakes testing by teaching narrowly-defined
skills (Jones et al., 1999; Jacob, 2005; Cohodes, 2016), manipulating the test-taking popu-
lation (Figlio and Getzler, 2006; Cullen and Reback, 2006), prioritizing specific subjects or
students (Neal and Schanzenbach, 2010; Reback et al., 2014), or even resorting to outright
cheating (Jacob and Levitt, 2003). Related work finds that gains in high-stakes test scores
from accountability policies do not always translate into improved performance on low-stakes
tests (Klein et al., 2000; Jacob, 2005; Corcoran et al., 2011). For this reason, many education
researchers have argued that low-stakes exam scores are a better measure of student learning
(e.g., Koretz and Barron, 1998; Amrein and Berliner, 2002). Yet ours is the first paper in
this literature to use data on longer-run outcomes to directly test how the informativeness
of scores varies between high- and low-stakes exams. We show that, in the context of college
admissions, higher stakes tests can provide a better signal of students’ academic potential.

Lastly, our paper shows that there is a tradeo� between equality and informativeness in the
use of high-stakes college admission exams. There is an ongoing and high-profile debate on
whether selective U.S. colleges should use standardized exams in college admissions (Belasco
et al., 2015; Bennett, 2022; Dessein et al., 2023; Dynarski et al., 2023). A central question
in this debate is whether admission scores are “biased” in favor of high-income and white
students because they have greater access to test prep.5 A vast literature shows that there are
large gaps in college admission exam scores by race and socioeconomic status (e.g., Bowen and
Bok, 1998; Kane, 1998; Card and Rothstein, 2007; Goodman et al., 2020), while other work
shows that admission scores are predictive of longer-run outcomes (Rothstein, 2004; Bettinger
et al., 2013; Chetty et al., 2023; Riehl, 2023; Friedman et al., 2024).6 But a limitation with
5 For example, in 2019 a group of students and advocacy groups sued the University of California over its
use the SAT and ACT exams. The plainti�s’ complaint quotes UC Regents Chairman John Pérez: “The
highest predictive value of an SAT isn’t in how well a student will do in school, but how well they were
able to avail themselves of prep material. And access to that prep material is still disproportionately tied to
family income” (Rosenbaum et al., 2020).
6 Related research shows how the design and implementation of admission exams can either reduce or
decrease inequality in college access (Hoxby and Turner, 2013; Bulman, 2015; Pallais, 2015; Goodman, 2016;
Bhattacharya et al., 2017; Reyes, 2023).
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papers in both of these literatures is that they focus on a static admissions environment, so it
is unclear how test score gaps or informativeness would change if universities used alternative
admission criteria. Consistent with the common criticism of admission tests, we find that
racial and socioeconomic gaps in performance expand on higher stakes assessments, and we
show that test prep is a likely mechanism for this result. Yet we do not find that test prep
creates bias in scores as a measure of college performance. Thus our findings suggest that
universities face a fundamental tradeo� between equality and informativeness in choosing
whether or not to use admission tests.

The paper proceeds as follows. Section 2 provides background on Brazilian higher educa-
tion and the ENEM exam. Section 3 describes our data and empirical strategy. Sections 4
and 5 present our results on test score inequality and informativeness. Section 6 concludes.

2. Institutional background

2.1. Colleges and high schools in Brazil. The higher education system in Brazil is
heavily privatized, but the most prestigious institutions tend to be in its system of federal
universities. In 2009, there were 59 federal universities, with a presence in all of Brazil’s
27 states. Together, federal universities account for about 11 percent of total tertiary en-
rollment. Brazil also has a system of 40 state universities managed by the governments of
each state. Federal and state universities are tuition-free, highly selective, and consistently
at the top of national college rankings. The Brazilian higher education system additionally
includes over 2,000 private universities and technical colleges that enroll roughly 80 percent
of all college students. While a handful of these private institutions are elite and selective,
the majority are moderately selective or have essentially open enrollment.

The situation is reversed at the secondary level, where private high schools represent a
small but socioeconomically-advantaged share of enrollment. In 2009, 14 percent of sec-
ondary students attended a private high school, while 85 percent attended a public school
managed by the state government.7 But students from private high schools are vastly over-
represented in higher education; in 2009, they accounted for 40 percent of all incoming college
students and 47 percent of federal university enrollees (Appendix Table A1).

2.2. Federal university admissions and the ENEM exam. Admission to federal uni-
versities is highly competitive and is based exclusively on test scores from entrance exams.8

Before 2009, each federal university designed and administered its own admission tests, which
7 Roughly 0.5 percent of Brazilian students attend a high school managed by the federal government (Ap-
pendix Table A1). Our empirical analysis defines “private high schools” to include both privately- and
federally-managed high schools since their students are similar in socioeconomic status and achievement.
8 During our sample period, many federal universities implemented reserved quotas for minority and/or
public school students. Within these quota groups, admissions are based solely on entrance exam scores.
Below we discuss the implications of the a�rmative action quotas for our empirical analysis.
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are called vestibular exams. This made it burdensome for students to apply to more than
one university as they had to prepare for multiple tests and travel to each school on a specific
date to sit for the exam.

To centralize federal university admissions, the Ministry of Education developed a national
standardized college admission exam called the ENEM (Exame Nacional do Ensino Médio).
The ENEM exam was initially created in 1998 for the purpose of providing public information
on high school performance. Between 1998 and 2008, the ENEM exam consisted of 63
multidisciplinary questions and an essay. In 2009, the Ministry redesigned and expanded
the exam so that it could serve as a tool for college admissions. The post-2009 ENEM
exam resembles the ACT exam in the United States; it contains 180 questions across four
subject areas (math, language arts, natural sciences, and social sciences) along with a written
essay. The exam spans two days of testing and is taken by over five million students each
November, making it the second-largest admission test globally. As part of the centralization
e�ort, the Ministry also created a unified admission platform called SISU (Sistema de Seleção
Unificada) that matches students to colleges based on their preferences and ENEM scores.

Although the college admission version of the ENEM exam began in 2009, federal uni-
versities varied in the timing at which they switched from their institution-specific tests to
the ENEM. The Ministry of Education provided financial incentives to adopt the ENEM,
but universities had unilateral control over their admission methods, and some were initially
uncertain about the content of the new ENEM (Machado and Szerman, 2021). Thus, some
federal universities began using the ENEM immediately in 2009, while others adopted it five
or more years later.9 As we describe Section 3, our empirical strategy exploits this variation
in the timing of ENEM adoption by federal universities.

2.3. The market for test prep. Preparation for college entrance exams is a central part
of the lives of many Brazilian students as they approach the end of high school. Many
students who hope to gain admission to elite universities choose to attend private high schools
that use test-oriented curricula designed by for-profit companies (e.g., Sistema Anglo and
Sistema pH ). These schools o�er multiple courses throughout the day that focus specifically
on exam subjects and preparation strategies. Private schools frequently tout the successful
exam performance of prior cohorts to attract new students, and newspapers publish annual
rankings of school-mean scores. In addition, many Brazilian students study for the exams
outside of school hours or after completing high school by taking for-profit prep courses
known as cursinhos (Mitrulis and Penin, 2006; Fernandes, 2015).

9 Some state universities also adopted the ENEM as their admission test, but to this date, many still design
and administer their own vestibular exams.
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The existence of this for-profit market for test prep raises a concern about inequality
in access to Brazil’s selective universities. Although there are a growing number of non-
profit and free online services, test prep remains heavily concentrated in the private sector.
Lower-income students often cannot a�ord to enroll in private high schools or cursinhos, and
there is typically less emphasis on test prep in public school curricula (Silva, 2014). Our
first empirical analysis asks whether these disparities in access to test prep contribute to
inequality in access to selective colleges.

3. Data and identification

3.1. Data. Our base dataset includes administrative records on all individuals who took the
ENEM exam in 2007–2017 (INEP, 2019a). This dataset is compiled by the National Institute
of Educational Studies, or INEP (Instituto Nacional de Estudos e Pesquisas Educacionais).
The data contains scores on each exam subject, demographic characteristics, and information
on individuals’ high schools. We also observe individuals’ responses to each exam question,
which allows us to measure the questions that individuals got right and wrong. The data for
each question includes the learning objectives, the Item Response Theory (IRT) parameters,
and the question text.

To measure longer-run outcomes, we link the ENEM data to two other administrative
datasets at the individual level (see Appendix C.2 for details on the merge.). First, we
measure college outcomes by linking to INEP’s higher education census (Censo da Educação
Superior) for the years 2010–2019 (INEP, 2022a). This dataset contains information on the
universe of Brazilian college students, including each student’s university, major, admission
method, enrollment year, and graduation/drop-out outcome. Second, we measure labor
market outcomes by linking to Brazil’s employee-employer dataset, the RAIS (Relação Anual
de Informações Sociais), for the years 2016–2018 (RAIS, 2022). The RAIS is maintained by
the Ministry of Labor and covers the entire population of formal-sector workers in Brazil.

3.2. Sample. We begin by defining a sample with a consistent composition of ENEM exam
takers over time. The total number of ENEM exam takers increased significantly after the
exam was converted into a college admissions test in 2009, as illustrated by the black bars
in Panel A of Figure 1. Since our goal is to examine how the increase in the exam’s stakes
impacted the distribution of scores, we define a sample in which the number of test takers
remained relatively constant over these years. For this, we take advantage of the fact that
many high school students took the ENEM in their senior year regardless of its stakes because
of the exam’s role as a measure of high school performance.

Our analysis sample includes high school seniors at schools that met the criteria to be
included in the government’s performance reports in each year from 2005–2015. To define
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our sample, we use a dataset that contains school-level mean ENEM scores from 2005–
2015, which were computed by INEP and distributed to federal and municipal agencies
for publication (INEP, 2019b).10 Schools were included in the performance reports if a
large fraction of their students participated in the exam.11 Our analysis sample includes
only ENEM exam takers who: 1) are in their last year of high school; and 2) attended a
school that appears in the INEP school-level dataset in each year from 2005 to 2015. The
red bars in Panel A of Figure 1 show that our analysis sample contains a small subset of
all ENEM participants, but the number of exam takers in our sample remains relatively
constant between 2007 and 2017. Section 3.5 presents tests for balance in our sample.

Table 1 shows that our analysis sample is positively selected on socioeconomic status
and academic performance relative to other ENEM test takers. This table reports mean
demographic characteristics (Panel A), ENEM scores (Panel B), and college and labor market
outcomes (Panel C) for 2009–2017 ENEM participants. Columns (A)–(C) show statistics
for all ENEM exam takers, all high school seniors, and high school seniors in our analysis
sample, respectively. Our sample contains roughly 2.5 million high school seniors, which is
six percent of all ENEM test takers and 22 percent of all high school seniors. On average,
students in our sample are four years younger than the typical ENEM participant, and they
are roughly ten percentage points (pp) more likely to be white and to have a college-educated
parent. Relative to the average test taker and the average high school senior, students in
our sample score about 0.2–0.3 standard deviations (SD) higher on each ENEM subject.12

Despite this positive selection, there is substantial inequality between private and public
high school students in our sample. Columns (D)–(F) of Table 1 report statistics for private
school students, public school students, and the private/public gap. 32 percent of students in
our sample attended a private high school. Relative to public school students, private school
students were 26pp more likely to be white, 44pp more likely to have a college-educated
mother, and 52pp more likely to come from a high-income family. Mean ENEM score gaps
are on the order of 1 SD; the test score gap is largest in math, with private school students

10 INEP published high school ENEM performance measures with the goal of “assist[ing] teachers, principals
and other educational managers in identifying deficiencies and good practices” (INEP, 2019b). There were
no financial incentives tied to school performance.
11 At the schools in our sample, the mean ENEM participation rate from 2005–2015 was 70 percent. The
criterion for inclusion in the reports changed over this time period, as we describe in Appendix C.3.
12 ENEM scores, as reported to the public, are scaled to have a mean of 500 and a SD of 100 in the
population of 2009 high school seniors who took the exam. Throughout the paper, we report ENEM scores
in SD units relative to this population. For ENEM subject scores, our transformation is: Transformed score
= (Scale score ≠ 500)/100. Our transformation is di�erent for writing and overall scores since they are on
di�erent scales. In all cases, a score of zero in our paper is equivalent to the performance of the average high
school senior who took the ENEM in 2009, and a score of one is 1 SD higher within this population. These
transformations preserve the comparability of test scores across cohorts. See Appendix C.1 for details.
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scoring 1.4 SDs higher than public school students on average.13 There is also substantial
inequality in college and labor market outcomes. Private school students were 27pp more
likely to go to college, 15pp more likely to attend a federal university, and had hourly wages
68 percent higher than public school students.

3.3. ENEM exam stakes. Our identification strategy exploits the gradual adoption of
the ENEM exam by federal universities. The solid red line in Panel B of Figure 1 plots the
proportion of all federal university enrollees in each year who were admitted using the ENEM
exam. Although the college admissions version of the ENEM exam was first administered
in December 2009, only 28 percent of federal university students nationwide were admitted
using the ENEM in the following year.14 The proportion of federal university seats that were
allocated using the ENEM grew over subsequent years as more institutions switched from
their own tests to the ENEM, reaching a peak of 72 percent in 2016.

This gradual adoption created geographic variation in the exam’s stakes because Brazilian
students typically attend college in their home state. The black dashed line in Panel B
of Figure 1 plots the proportion of federal university enrollees who attended college in the
state where they were born. On average, 81 percent of federal university students are from
the state where the university is located. Although there is evidence that the ENEM exam
increased geographic mobility (Machado and Szerman, 2021), these e�ects were modest; the
proportion of in-state students at federal universities remained above 80 percent throughout
2010–2018. Thus, the stakes of the ENEM exam varied across states and cohorts for students
who wished to attend a federal university close to home.

We use this variation to define two measures of ENEM stakes at the state ◊ year level.
Our benchmark measure, which we denote by ProportionENEMst, is a continuous variable
that equals the proportion of federal university enrollees in state s and year t who were
admitted using the ENEM exam. This continuous treatment variable exploits all variation
in ENEM adoption timing. In particular, ProportionENEMst reflects variation in ENEM
adoption across federal universities within the same state as well as variation in the use of
the ENEM across programs within the same university.

Second, we define a binary treatment variable that equals one in years after each state
“adopted” the ENEM exam. For this, we follow research on tipping points (e.g., Card
et al., 2008) in identifying structural breaks in the time series of federal universities’ use of
the ENEM. For each state s, we regress an annual time series of the proportion of federal
university enrollees who were admitted using the ENEM on a linear trend break function for
each possible candidate adoption year ·s. We define the state’s ENEM adoption year as the
13 For reference, the white/Black gap in the 2017 U.S. SAT math exam was 0.85 SDs (College Board, 2017).
14 The ENEM is administered near the end of each year, and scores are used for admission to university
cohorts that begin in the following calendar year.
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value ·
ú
s that yields the highest R

2 across these regressions.15 Our binary measure, which we
denote by HighStakesst, is an indicator for years equal to or after the state’s ENEM adoption
year, ·

ú
s .16 Our binary treatment variable allows us to present our results using event study

graphs, and it helps to address potential concerns about two-way fixed e�ects models with
treatment e�ect heterogeneity (discussed below).

Figure 2 shows the relationship between our continuous and binary measures of ENEM
stakes. In Panel A, we categorize Brazil’s 27 states into ten groups based on their year of
ENEM adoption, ·

ú
s . The graph plots the mean of ProportionENEMst in these groups (y-

axis) for each ENEM exam year (x-axis). In each group, the proportion of federal university
students who were admitted through the ENEM increases sharply in the state’s ENEM
adoption year. Panel B presents an event-study version of Panel A, in which the x-axis
denotes years relative to the state’s ENEM adoption year. On average, the share of a state’s
federal university admission slots allocated using the ENEM increased by over 60 percent
in the adoption year, and this share remains high in subsequent years. Appendix Table A2
shows the values of ProportionENEMst and HighStakesst in each state and exam year.

3.4. Regression models. Our benchmark regression model is a two-way fixed e�ects spec-
ification estimated at the high school ◊ year level:

(1) Yht = “s(h) + “t + —ProportionENEMs(h)t + ‘ht.

Yht is an average outcome for students who attended high school h and took the ENEM in year
t. We include fixed e�ects for years, “t, and for the states in which each high school is located,
“s(h). The variable of interest is our continuous treatment variable, ProportionENEMs(h)t,
which measures the stakes of the ENEM exam in state s(h) and cohort t. In alternate specifi-
cations, we replace ProportionENEMs(h)t with our binary treatment variable, HighStakess(h)t.
We weight our regressions by the number of individuals in each ht cell to recover popula-
tion estimates within our sample. Our benchmark regressions include high school seniors
15 Specifically, we estimate the following regression for each state s:

ProportionENEMst = ”0
s + ”1

s {t Ø ·s} + ”2
s {t Ø ·s}(t ≠ ·s) + ”3

s {t < ·s}(t ≠ ·s) + ‘st,

where ProportionENEMst is our continuous treatment variable. We estimate this regression for all candidate
adoption years ·s œ {2008, ..., 2016} and pick the value ·ú

s that yields the highest R2 value. Lastly, we define
our binary treatment variable to be HighStakesst = {t Ø ·ú

s }. We define one state (Sergipe) as a “never
adopter” since the value of ProportionENEMst never exceeds 0.06.
16 Throughout the paper, we refer to cohorts prior to each state’s ENEM adoption year as “low stakes”
cohorts for brevity. The ENEM was consequential for students in these cohorts who wished to attend a
federal university in other states that had already adopted the ENEM. The ENEM was also used to determine
ProUni (O Programa Universidade Para Todos) scholarships and eligibility for the federal FIES (O Fundo

de Financiamento Estudantil) financial aid system (OECD, 2021). These incentives mattered mainly for
students who wished to attend private universities, as public universities in Brazil are tuition-free. Despite
these other incentives, we argue that the adoption of the ENEM by federal universities significantly increased
the exam’s stakes for students who wished to attend a selective university close to home.
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who took the college admissions version of the ENEM exam in 2009–2017, which holds the
structure of the ENEM exam fixed over time. We cluster standard errors at the state level.

The coe�cient of interest, —, measures how outcomes changed in a school when the stakes
of the ENEM exam increased. We estimate equation (1) separately for public and private
high school students to examine how the increase in exam stakes a�ected scores in these
two populations. In addition, we estimate regressions that fully interact the covariates in
equation (1) with an indicator for private high schools, Privateh:
(2)
Yht = “s(h)+“t+—ProportionENEMs(h)t+

Ë
“̃s(h)+“̃t+—

gapProportionENEMs(h)t

È
Privateh+‹ht.

The —
gap coe�cient in equation (2) shows how the increase in exam stakes impacted the

private/public gap in ENEM scores.
To address potential concerns about treatment e�ect heterogeneity in two-way fixed e�ects

models (De Chaisemartin and d’Haultfoeuille, 2020), we present robustness results that
restrict identification to clean comparisons based on states’ ENEM adoption years. Our
approach follows Callaway and Sant’Anna (2021) in estimating treatment e�ects for each
pair of ENEM adoption years, ·

ú
s and ·

ú
sÕ , and then averaging the pairwise treatment e�ects

to recover a single point estimate. For example, one of our pairs contains states that adopted
the ENEM in 2010 and 2011, and we restrict the sample to students who took the exam
in 2009–2010. In this pair, the 2010 adopters are our treated group since ENEM adoption
“switches on” in 2010, and the 2011 adopters are our control (“not yet treated”) group since
these states had not yet adopted the exam. We define groups for all pairwise combinations of
ENEM adoption years and, within each pair, we restrict the sample to exam cohorts prior to
the control group’s adoption year. We create a stacked dataset of these pairwise samples and
estimate a version of equation (2) that uses our binary treatment variable, HighStakesst, and
includes interactions with dummies for the pairwise groups. The resulting —

gap coe�cients
are regression-weighted averages of the pairwise treatment e�ects.17

3.5. Identification assumptions and balance tests. Our identification relies on a par-
allel trends assumption, which requires that the timing of federal universities’ switch to the
ENEM exam is unrelated to state-level trends in potential test score outcomes. This as-
sumption could be violated if the adoption of the ENEM exam induced students to enroll in
di�erent high schools or impacted the types of students who took the exam.

17 Our stacked specification uses our binary treatment variable, HighStakess(h)t, in the following regression:

(3) Yhtg = “s(h)g + “tg + —HighStakess(h)t +
#
“̃s(h)g + “̃tg + —gapHighStakess(h)t

$
Privateh + ‘htg.

In this specification, the dataset is at the high school (h) ◊ year (t) ◊ pairwise group (g) level, and we
include state ◊ group dummies, “s(h)g and “̃s(h)g, and year ◊ group dummies, “tg and “̃tg. Appendix Table
A4 shows the pairwise groups and the structure of our stacked dataset.
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Table 2 tests this assumption by examining whether the adoption of the ENEM was related
to trends in exam taking and school enrollment (Panel A) or the demographic characteris-
tics of students in our analysis sample (Panels B–C). Column (A) shows the mean of each
dependent variable in cohorts prior to the state’s ENEM adoption year. Columns (B)–(D)
present — coe�cients from equation (1), which we estimate separately for all schools, private
schools, and public schools. Column (E) reports —

gap coe�cients from equation (2), which
are equivalent to the di�erences between the — coe�cients in columns (C) and (D).

We find no evidence that the adoption of the ENEM exam caused students to attend
di�erent high schools or impacted the number of exam participants in our sample. Panel
A of Table 2 shows regression results using three outcome variables: 1) the log number of
ENEM participants per school/cohort at the high schools in our sample; 2) the log number
of seniors per school/cohort at these high schools; and 3) the number of distinct schools
that these seniors had attended in the past three years. We find that the increase in ENEM
stakes did not significantly a�ect the number of exam takers or the number of seniors at
either public or private schools in our sample. It also did not induce students to switch
schools at a higher rate. This evidence is consistent with our prior that the incentives to
attend a prep-oriented high school did not change significantly when federal universities
switched from their own admission exams to the ENEM; rather, it mainly a�ected prep
schools’ incentives on which exam to focus on in their curriculum.

Panels B–C of Table 2 show that the increase in ENEM stakes also did not significantly
impact the composition of students in our analysis sample. In Panel B, we find no systematic
relationship between ENEM stakes and the age, race, parental education, or family income
of exam takers in our sample. We do find that a 100 percentage point increase in federal
universities’ ENEM adoption is associated with a 1.4 percentage point decrease in the fraction
of ENEM participants who were female, but this e�ect is small and it is similar in both
public and private high schools. We cannot reject the hypothesis that the coe�cients on all
demographic characteristics are jointly equal to zero in any subsample (last row of Panel B).
In Panel C, we also find no impacts on an index of predicted ENEM scores based on all of
these demographic characteristics.

Finally, we find no systematic di�erences in the size, selectivity, or student body character-
istics of federal universities that were early- vs. late-adopters of the ENEM exam (Appendix
Table A3). For example, universities in the most populous state, São Paulo, adopted the
ENEM immediately in 2009, while federal universities in the next two largest states, Minas
Gerais and Rio de Janeiro, did not adopt it until 2013. In net, the evidence supports the
assumption of parallel trends in potential exam score outcomes within our analysis sample.

12



4. Exam stakes and the distribution of scores

4.1. E�ects on test scores. Table 3 presents our main results on how the stakes of the
ENEM impacted mean test scores. Column (A) displays the mean private/public school
gap in test scores in cohorts prior to the state’s ENEM adoption year. Columns (B)–(D)
present — coe�cients from equation (1) estimated separately by high school type. Column
(E) displays —

gap coe�cients from equation (2). Our dependent variables are individuals’
test scores in SD units averaged at the high school ◊ cohort level. We examine scores on
each of the four multiple-choice tests (math, language arts, natural science, social science),
average scores across these four core subjects, and scores on the writing component.

The increase in the stakes of the ENEM led to a widening of private/public test score
gaps. Private students’ scores increased on the higher-stakes exam in each of the four core
subjects (column C), with the largest e�ect in math (0.143 SDs). Public students’ scores
did not change significantly on the core subjects (column D), and test score gaps between
private and public school students increased (column E). Our point estimate for the average
core subject scores implies that a 100 percentage point increase in the adoption of the ENEM
by federal universities is associated with a 0.11 SD increase in the private/public test score
gap. This e�ect is nine percent of the mean test score gap in lower-stakes cohorts (column
A). We also find that the private/public gap in writing scores expanded by 0.10 SDs.

Figure 3 shows that test score gaps typically widened in the first ENEM exam cohort
after its adoption by federal universities. This figure presents estimates from an event study
version of equation (2) using our binary treatment variable, HighStakesst, and our stacked
dataset of pairwise ENEM adoption years. This yields coe�cients —

gap

l that show how the
private/public score gap changed in each year l relative to the state’s ENEM adoption year,
·

ú
s .18 In most subjects, we do not see significant pre-trends in the private/public score gap

prior to the ENEM adoption year. In all subjects, we find that the private/public score
gap increased by roughly 0.05 to 0.10 SDs in the first cohort after ENEM adoption. These
wider gaps decline only slightly in subsequent cohorts. For example, the private/public gap
in average core subject scores increased by 0.08 SDs in the year of ENEM adoption, and it
was still 0.05 SDs higher measured four years later (Panel E).

18 Figure 3 plots —gap
l coe�cients from the high school (h) ◊ year (t) ◊ pairwise group (g) level regression

(4) Yhtg = “s(h)g + “̃s(h)gPrivateh + “tg + “̃tgPrivateh +
7ÿ

l=≠7

#
—l + —gap

l Privateh

$
{t ≠ ·ú

s(h) = l} + ‘htg,

where l denotes years relative to the state’s ENEM adoption year, ·ú
s(h). We include state ◊ group dummies,

“s(h)g, year ◊ group dummies, “tg, and dummies for years l, {t ≠ ·ú
s(h) = l}, omitting l = ≠1. We interact

all covariates with a dummy for private schools, Privateh, and plot the —gap
l coe�cients from l = ≠4 to 4.

We also see clear evidence that our results are driven by a causal e�ect of ENEM adoption using the default
event study figures from Callaway and Sant’Anna (2021)’s csdid Stata package (Appendix Figure A2).
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The magnitudes of our estimates represent meaningful increases in private students’ chances
of gaining admission to federal university programs. The e�ect of higher stakes on the pri-
vate/public gap in average core subject scores (—gap = 0.11) is 21 percent of a standard
deviation in the distribution of cuto� scores for admission to federal university programs.19

To put this magnitude in perspective, consider a private school student whose low-stakes
ENEM score would have put them exactly at the cuto� for a program at the 50th percentile
of their state’s distribution of federal university programs. Our estimate of —

gap implies that
this student’s high-stakes ENEM score would instead make them eligible for a program at
the 58th percentile.

Panel A of Figure 4 shows that racial and socioeconomic test score gaps also expanded
on the higher stakes ENEM exam (see also Appendix Table A6). The white bars represent
mean gaps in average core subject scores in low-stakes cohorts for di�erent demographic
groups. The grey bars represent estimates of —

gap from a version of equation (2) that replaces
Privateh with a dummy for the more advantaged group. We find that the gap in average
scores between white/non-white students expanded by 0.06 SDs on the higher-stakes test.
Similarly, the average score gap between students with college/non-college educated mothers
expanded by 0.08 SDs, and the gap by family income expanded by 0.09 SDs. These point
estimates are smaller than our estimate for the private/public high school gap, but they are
similar as a percentage of the mean gap in low-stakes cohorts. We do not find a significant
e�ect on the male/female test score gap.20

4.2. Robustness to model specification. Table 4 examines whether our results on pri-
vate/public test score gaps are sensitive to model specification. Column (A) reproduces our
benchmark estimates of —

gap from column (E) of Table 3. Columns (B)–(F) present estimates
of —

gap from alternative specifications.
Our results are robust to including demographic controls and to using a binary measure

of exam stakes. In column (B) of Table 4, we estimate equation (2) including high school ◊
year averages of age, gender, and dummies for race, parental education, and family income
bins. These demographic controls do not significantly alter our point estimates, which is
consistent with the findings of our balance tests in Table 2. In column (C), we replace
our continuous treatment variable, ProportionENEMst, with our binary measure of ENEM
stakes, HighStakesst. This specification reduces the magnitudes of —

gap by about 50 percent
in each subject, which is expected since ProportionENEMst increases by roughly 50 percent
19 In 2016 data from the SISU admission system, the within-state standard deviation of cuto� scores for
federal university programs is 0.52 SDs (in the test score units of our sample). Thus 0.11/0.52 ¥ 21 percent.
20 Our null result for gender di�ers from work that finds that male/female test score gaps are larger on high
stakes exams (Ors et al., 2013; Azmat et al., 2016; Cai et al., 2019). This work interprets their results as
evidence of gender di�erences in responses to competitive pressure. We think our results are more attributable
to test preparation (see below), which occurs over a longer time span and is likely to be gender neutral.
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following a state’s adoption of the ENEM (Figure 2, Panel B). Yet we continue to find that
the increase in exam stakes widened private/public test score gaps in each subject, and the
coe�cient for the average core subject score remains statistically significant at p < 0.05.

Next, we examine the robustness of our results to potential concerns about two-way fixed
e�ects models with treatment e�ect heterogeneity. For this, we use three di�erent samples
from the stacked dataset described in Section 3.3 (see also Appendix Table A4). Column (D)
of Table 4 includes all pairwise combinations of ENEM adoption years that we can estimate
using 2009–2017 exam takers. Column (E) focuses on a single pairwise comparison between
the two most common ENEM adoption years—2009 and 2013—which together account for
13 states (see Appendix Table A3). This sample includes 2007–2012 test takers because we
require a pre-period to estimate a treatment e�ect for 2009 adopters. In column (F), we
include all 2007–2017 test takers and all pairwise combinations in our stacked dataset.21

Our benchmark estimates are robust to each of these alternative specifications. The point
estimates in column (D) are similar to those in column (C), which shows that our results
are not impacted by restricting identification to clean pairwise comparisons. We continue
to find positive and significant estimates of —

gap when we restrict to the simple model that
compares only 2009 and 2013 adopters (column E). Lastly, our results are similar in the
full stacked dataset with 2007–2017 test takers (column F). The consistency of estimates
across specifications shows that our results are not the result of averaging oppositely-signed
treatment e�ects with negative weights.

4.3. Other robustness tests. Our results are robust to alternate definitions of our analysis
sample. Our benchmark sample includes seniors at high schools that met the criteria to be
included in the government’s ENEM performance reports in each year from 2005–2015 (see
Section 3.2). Appendix Table A5 includes samples defined by both laxer criteria (e.g., schools
that appear in any year) and stricter criteria (e.g., at least a 50% ENEM participation rate
in all years). In all samples, we find positive and statistically significant estimates of —

gap

for average core subject scores. With the exception of writing scores, the magnitudes of our
estimates for each subject are relatively stable across samples.

Our estimates in Table 3 are mostly robust to an alternative method of statistical inference
for settings with a relatively small number of clusters. Our benchmark estimates allow for

21 Note that in columns (E)–(F) of Table 4, the sample includes two cohorts that took the old 63-question
version of the ENEM exam (2007–2008), so these estimates may reflect the e�ects of the ENEM redesign
in addition to the impacts of the exam’s adoption by federal universities. The 2007–2008 ENEM reported
only a single core component score plus a writing score. To define scores for each subject, we categorized the
multiple choice questions into math, language arts, natural science, and social science, and then computed
a separate score for each subject using the IRT parameters. Since the reference populations di�er for the
2007–2008 and 2009–2017 exams, our regressions in columns (E)–(F) of Table 4 standardize scores to have
mean 0 and SD 1 within each year of our sample. See Appendix C.1 for details.
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correlated errors within each of Brazil’s 27 states, which is below the rule of thumb for
potential few-cluster issues in Angrist and Pischke (2010). Appendix Table A7 shows that
our estimate of —

gap for average core subject scores remains significant at p < 0.05 using
p-values from the wild t bootstrap procedure recommended by Cameron et al. (2008). The
score gap estimates for other subjects remain significant at p < 0.10 except for natural
science and writing.

Lastly, our results are not driven by federal universities’ adoption of a�rmative action or
changes in the size of their admission quotas. Many federal universities implemented reserved
quotas for disadvantaged students during the late 2000s and early 2010s (Mello, 2022), which
could have impacted the achievement of high school seniors through a motivational channel
(Akhtari et al., 2020). To examine this possibility, we use Brazil’s higher education census to
compute the fraction of new university students in each state ◊ year who enrolled through
reserved quotas and then add this variable as a control in our regressions. Appendix Table
A8 shows that private/public test score gaps are not significantly related to the rollout of
a�rmative action and that our estimates of —

gap remain positive and significant with these
controls. Appendix Table A9 shows that our treatment variable is unrelated to the total
number of federal university enrollees, which suggests that federal universities did not alter
the number of admission slots when they switched to the ENEM exam.

4.4. Mechanisms. Our finding that private students earned higher scores on the high-stakes
ENEM exam may be driven by several mechanisms. One possibility is that the increase in
staked induced students to exert more e�ort while taking the exam. The typical private
school student had a better chance of gaining admission to federal universities than the
typical public student, so private students had a stronger incentive to increase e�ort when
the exam stakes increased. There is significant overlap between the distribution of private
school ENEM scores and the distribution of admission cuto� scores for federal university
programs, while the public school score distribution is shifted well to the left (Appendix
Figure A1).22 Thus, moderate increases in ENEM scores were unlikely to significantly a�ect
the admission chances of many public students. Although we cannot observe student e�ort
in our data, this may partly explain why we only find increases in private students’ scores.

The increase in private students’ scores could also reflect an increase in ENEM-specific test
preparation. Students who wished to attend selective college programs may have switched
their preparation e�orts from the vestibular exams to the ENEM exam when federal uni-
versities adopted the ENEM. Anecdotally, many private schools and test-prep companies

22 Some individuals in our sample would have been eligible for admission through reserved quotas for dis-
advantaged students, but these quotas were not fully implemented at many federal universities until 2016.
Appendix Figure A1 shows that most public students’ ENEM scores were also well below the distribution
of cuto� scores for these reserved quotas.
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altered their curriculum to focus more on the skills and content covered by the ENEM. By
contrast, test prep is not a major focus of the curriculum at most public high schools, in part
because the ENEM is a very di�cult test for the typical public student. Thus the teaching
practices at public high schools were less likely to change with the ENEM rollout, which
may explain the expansion of the private/public ENEM score gap.23

We empirically examine the role of exam preparation using two measures of students’ test
prep activity. First, we obtained lists of schools that use test-oriented curricula from the
websites of four prominent test prep companies (Sistema Anglo, Sistema pH, Elite Rede de
Ensino, and Curso Objetivo) and merged these lists to our sample of high schools using
geocoded addresses. This allows us to define a set of “prep schools” whose curriculum is
specifically focused on preparation for college admission exams.24 Second, we use a variable
from the ENEM questionnaire that indicates whether individuals took an entrance exam
preparation course. This question does not distinguish between courses that focused on the
ENEM exam and courses that focused on other vestibular exams, and, likely for this reason,
we do not find evidence that ENEM adoption impacted the proportion of students who took
a test prep course. Yet, if these courses were more likely to focus on the ENEM exam after
its adoption by federal universities, this could raise the average ENEM scores of students
who took preparation courses. Appendix Table A10 provides details on these measures of
test prep as well as the associated regression results.

Panel B of Figure 4 shows that the increase in ENEM stakes led to larger test score gaps
between students who did/did not engage in test prep as defined by these measures. ENEM
adoption led to a 0.18 SD increase in the gap in mean ENEM scores between prep-focused
private schools and public schools (second row in Panel B), which is roughly 60 percent larger
than our point estimate for the overall private/public gap (0.11 SDs, first row). The third
row of Panel B shows that prep schools had slightly lower average scores than other private
schools in our sample in the low-stakes cohorts, and this gap closed by 0.08 SDs (p < 0.05)
following ENEM adoption. Lastly, we find that the increase in ENEM stakes led to a large
increase in the score gap between students who did/did not take a test prep course (fourth
row), with a point estimate of 0.23 SDs. These heterogeneity results suggest that test prep
is an important mechanism for the increase in the private/public test score gap.

In sum, this section showed that test score gaps between advantaged and disadvantaged
students expanded when the stakes of the ENEM exam increased. Critics of high-stakes tests

23 Another possibility is that public school curricula was slower to respond to the ENEM rollout than private
school curricula, which may explain the slight fade-out of some of our test scores results in Figure 3.
24 We focus on these four companies because they list the names and addresses of a�liate schools on their
websites. There are other prominent test prep companies in Brazil for which we could not find lists of a�liate
schools, so it is likely that some other private schools in our sample also have test-oriented curricula. Thus,
the coe�cients that we estimate may be attenuated due to under-classification of prep schools.
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often argue that they give wealthy students a leg up in the college admission process. Our
findings are consistent with this claim. Yet is it unclear whether higher stakes cause exams
to be “biased” in favor of high-income students, as the question of bias depends on what the
exam is intended to measure. To shed light on the relationship between exam stakes and
informativeness, we now turn to our second empirical analysis.

5. Exam stakes and the informativeness of scores

5.1. Potential channels. Are high-stakes exam scores more or less informative for stu-
dents’ academic potential than low-stakes scores? The answer, according to both economic
literature and public debates on standardized testing, remains unclear.25

On the one hand, an increase in exam stakes may reduce the informativeness of scores
by distorting e�ort toward activities that improve test performance rather than activities
that promote beneficial learning. In their seminal paper on incentive contracts, Holmstrom
and Milgrom (1991) highlight the possibility that teachers who are rewarded for student test
performance may focus on “the narrowly defined basic skills that are tested on standardized
exams.” Frankel and Kartik (2019) show theoretically that an increase in the stakes of an
exam causes test scores to become relatively more informative about individuals’ gaming abil-
ity and relatively less informative about their natural action that would arise in the absence
of signaling concerns. Similarly, critics of high-stakes testing often argue that the ability to
“game the system” through test prep may be unrelated—or even negatively related—to an
individual’s potential for academic success (e.g., Harris et al., 2011).

Yet it is also possible that high-stakes testing encourages students to reveal or develop
skills that are beneficial for their academic careers. As Frankel and Kartik (2019) note, an
individual’s gaming ability for standardized tests could reflect work ethic or the capacity to
learn new material. Moreover, if high-stakes scores are more correlated with family income,
they may be more predictive of college outcomes because family resources help students
succeed in school. High-stakes testing may also compel students to accumulate new skills
that benefit them beyond the exam. Students may learn important academic material if
the exams are well-aligned with school curricula (Lazear, 2006). They may also develop
non-cognitive skills like cognitive endurance (Brown et al., 2022; Reyes, 2023) or a growth
mindset (Dweck, 2006) while preparing for exams.

5.2. Outcome variables and regression model. To shed light on the relative strength
of these mechanisms, we ask how the increase in the stakes of the ENEM impacted the
informativeness of ENEM scores for students’ college and labor market outcomes. Our

25 Appendix B.1 presents a theoretical framework that illustrates the potential channels through which exam
stakes can impact test score gaps and exam informativeness. This section briefly describes the intuition.
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sample for this analysis includes the subset of students in our high school senior sample who
took the ENEM exam in 2009–2014, excluding the 2011 cohort because of a data issue.26 We
linked this sample to Brazil’s higher education census to measure enrollment, persistence, and
graduation outcomes at all Brazilian colleges in the years 2010–2019. We measure earnings
outcomes using Brazil’s national employer-employee data for the years 2016–2018.

We define three types of outcome variables based on the sample for which we can measure
each outcome (see Appendix C.1 for details). Our first set of variables include outcomes
that we can define for all ENEM participants in our sample. These include an indicator for
enrolling in any college, an indicator for completing a college degree during our data period,
and an indicator for appearing in the RAIS dataset (a measure of formal employment).
Second, we define measures of college persistence and graduation within the subsample of
individuals who enrolled in college. These outcomes include indicators for persisting in
college several years after enrolling and an indicator for completing the program within five
years. Lastly, for individuals who appear in the RAIS dataset, we measure labor market
earnings using an individual’s mean hourly wage from 2016–2018 (measured in both logs
and levels). Many of the ENEM participants in our sample were still in college during 2016–
2018, and even those who had left college were early in their careers. Thus it is important to
stress that our earnings outcomes do not reflect the long-run returns to individuals’ college
investments.

We modify our regression model to examine how federal universities’ adoption of the
ENEM impacted the correlation between students’ ENEM scores and longer-run outcomes.
Our regression model for exam informativeness is a state ◊ year version of equation (1):

(5) Yst = “s + “t + —ProportionENEMst + ‘st.

The dependent variable, Yst, is the correlation coe�cient between ENEM scores and a longer-
run outcome among students who attended high school in state s and took the ENEM in year
t. This specification follows testing agencies’ standard practice of measuring exam validity
using correlations coe�cients (e.g., Kobrin et al., 2008).27 As above, the variable of interest,
ProportionENEMst, is the proportion of federal university enrollees in state s and year t

26 We exclude 2011 ENEM takers from our analysis of exam informativeness because the crosswalk variable
that INEP created to match individuals across their di�erent datasets is not correctly defined for this cohort.
We also exclude 2015–2017 ENEM takers from this analysis because we do not observe many of the longer-run
outcomes in these cohorts given the timing of our data.
27 Another way of measuring the information content of an exam is to “anchor” scores to an economic
outcome of interest (e.g., Cawley et al., 1999; Jacob and Rothstein, 2016; Nielsen, 2023). We focus on
correlation coe�cients between scale scores and outcomes because scale scores are what colleges use to
admit students. Our measure of informativeness is closely related to the theoretical concept of Blackwell
informativeness used in Frankel and Kartik (2019) and subsequent studies on muddled information. Appendix
B.2 proves that with binary states and signals, an increase in a signal’s Blackwell informativeness necessarily
leads to a higher correlation between states and signal realizations.
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who were admitted using the ENEM exam. Thus — measures the impact of a 100 percentage
point increase in ENEM adoption on the correlation between ENEM scores and outcomes.

In complementary regressions, we also follow exam validity research in restricting com-
parisons to students who attended the same college programs. In addition to the potential
mechanisms discussed in Section 5.1, a student’s ENEM scores may be correlated with their
longer-run outcomes through their direct impact on which college and/or major they gained
admission to. Further, many federal universities that adopted the ENEM simultaneously
joined the SISU centralized college admission system, which likely impacted the matching
of students to college programs (see Section 2.2). To reduce the influence of these direct
impacts on student/college matches and isolate the predictive power of scores, we residualize
both ENEM scores and outcomes on dummies for college ◊ major pairs and then compute
correlation coe�cients using these residuals. These residual correlations reflect variation in
the informativeness of scores among students who attended the same college programs.28

5.3. E�ects on informativeness. Table 5 shows our main results on how federal university
adoption of the ENEM exam impacted the informativeness of ENEM scores. Column (A)
shows the mean correlation coe�cient between average core subject scores and each outcome
variable in cohorts prior to ENEM adoption. Columns (B)–(C) present — coe�cients from
equation (5) using our continuous treatment variable, ProportionENEMst. Columns (D)–
(E) present — coe�cients using our binary treatment variable, HighStakesst. In columns (B)
and (D), the dependent variables, Yst, are raw correlation coe�cients. In columns (C) and
(E), the dependent variables are correlation coe�cients measured after residualizing ENEM
scores and outcomes on college ◊ major dummies.

We find that scores on the higher-stakes ENEM exam were more informative for students’
college enrollment, persistence, and graduation outcomes. Panel A of Table 5 shows that
the informativeness of average ENEM scores for both college enrollment and college degree
attainment increased when federal universities adopted the ENEM in admissions. The point
estimates in column (B) imply that a 100 percentage point increase in the adoption of the
ENEM is associated with a 0.036 increase in the correlation between average ENEM scores
and an indicator for college enrollment, and a 0.033 increase in the correlation between
28 Rothstein (2004) points out that it is di�cult to justify the sample selection assumptions that are implicit
in many validity studies, and he o�ers a new estimator for settings in which the variables that determine ad-
mission to selective colleges are observable (e.g., the University of California system). We cannot implement
his estimator because we do not observe the vestibular scores that federal universities used in admissions
prior to ENEM adoption. Our analysis partially addresses Rothstein’s concerns by including some outcomes
that are defined for our entire sample (e.g., college enrollment and unconditional college graduation). Fur-
ther, our regression model (5) estimates changes in exam informativeness across cohorts, which di�erences
out the impact of unobservable determinants of sample selection that do not vary over time. Like Rothstein
(2004), our benchmark results rely on the strong assumption that students’ decisions about which college
program to attend are ignorable, but we also present results that examine within-program validity.
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average ENEM scores and an indicator for completing a college degree by 2019. We find
similar (but less precise) estimates using the binary treatment variable (column D). The
results are also similar we when compare degree attainment outcomes for students who
attended the same college programs (columns C and E). This suggests that our findings are
not driven by direct impacts of ENEM performance or the SISU system on the program that
students attended.

The increase in the informativeness of ENEM scores is even more pronounced for college
persistence outcomes measured within the population of college enrollees. In Panel B of
Table 5, the outcome variables include indicators for persisting in college one and three
years after enrolling as well as an indicator for completing the program within five years.
The mean correlations between these outcomes and ENEM scores tend to be lower than for
the outcomes in Panel A, but the estimated — coe�cients in columns (B)–(E) are broadly
similar in the two panels. Thus as a percentage of the mean correlation coe�cients in lower-
stakes cohorts, the impact of the higher-stakes exam on the informativeness of scores was
larger for college persistence outcomes. For example, the estimates in column (B) imply that
a 100 percentage point increase in ENEM adoption is associated with a 23 percent increase in
the correlation between ENEM scores and 3-year persistence rates, and a 62 percent increase
in the correlation between scores and 5-year graduation rates. Appendix Table A11 shows
that the results are mostly robust to the wild t bootstrap procedure.

We do not find conclusive evidence on the relationship between exam stakes and the
informativeness of scores for hourly wages. Panel C of Table 5 shows that scores on the
higher-stakes exam also became more correlated with hourly wages measured in levels, but
these results are not robust to using log wages. Further, the coe�cients for both wage levels
and log wages lose statistical significance when we use a wild t cluster bootstrap for inference
(Appendix Table A11). These inconclusive results are likely due to the fact that we observe
wages for only one-quarter of students in our sample because many individuals were still in
college during our data period.

Figure 5 shows that informativeness increased in all four core subjects. The translucent
areas depict the mean correlations in lower-stakes cohorts (analogous to column A of Table
5), and the darker areas depict the — coe�cients from our benchmark regression model
(analogous to column B of Table 5). The increase in exam stakes caused ENEM scores
to become more correlated with degree completion, 3-year college persistence, and 5-year
program completion in each of the four core subjects, and the magnitudes are relatively
similar in each subject. We also find increases in the informativeness of writing scores, but
these are smaller in magnitude and imprecisely estimated.
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5.4. Correlation with demographics. Why were high-stakes ENEM scores more predic-
tive of college success? As noted above, one possibility is that high-stakes scores may have
been more correlated with other individual characteristics that help students succeed in col-
lege, such as family income or parental education. To assess this potential channel, we show
how demographic controls impact the results on exam informativeness.

Figure 6 plots — coe�cients from di�erent specifications of equation (5). The white bars
reproduce the results from our benchmark specification (Table 5, column B). The darker-
colored bars show — coe�cients including four sets of demographic controls: 1) a dummy
for private high schools; 2) dummies for family income, parental education, and race; 3)
gender and age; and 4) high school dummies. In each case we include the new control
variables plus the controls from the previous specification. Thus, these — coe�cients show
how ENEM adoption impacted the exam’s capacity to identify academic potential among
students from similar demographic groups. Appendix Table A12 shows the corresponding
regression results.

Demographic variables explain some, but not all, of the increase in the informativeness
of ENEM scores. For example, the — coe�cient for 3-year college persistence rates falls by
37 percent when we control for private high school and socioeconomic variables, and the
coe�cient for 5-year program completion rates falls by 60 percent. The impact of private
high school and socioeconomic controls is similar or more modest for most other outcomes.
Gender and age do not explain much of the increase in informativeness for most outcomes.
The inclusion of high school dummies reduces the — coe�cients by more than 80 percent
for college persistence and degree completion, but these dummies do not have additional
explanatory power for college enrollment or unconditional college graduation.

Importantly, these findings show that the higher-stakes ENEM scores provided new in-
formation on students’ academic potential above and beyond easily observed demographic
characteristics. By the end of our sample period, most federal universities had reserved quo-
tas for public high school, low-income, and/or Black applicants, but otherwise admissions
were based solely on ENEM performance. Thus our specification with private school, family
income, and race controls shows that the higher-stakes ENEM exam helped federal univer-
sities identify applicants who were more likely to succeed within the set of demographic
characteristics that they considered in admissions.

5.5. Narrow vs. broad-based learning. To further explore mechanisms, we use question-
level ENEM data to examine whether the gains in private students’ scores were driven by
narrowly-targeted or broad-based learning. ENEM questions are based on a reference matrix
of skills that educators regard as important for students to learn in high school. For example,
math questions cover topic areas such as algebra, geometry, and statistics. Within each
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topic area, questions are designed to test specific competencies such as identifying concepts,
solving problems, and constructing arguments. Our data includes individuals’ responses to
each question, which allows us to estimate our regression model (2) separately for questions
in each topic area or competency.29 In these regressions, the dataset is at the high school
(h) ◊ year (t) ◊ question (q) level, and the dependent variable is the proportion of correct
answers in each htq cell. This would allow us to measure the impact of ENEM adoption
on students’ question-level performance. We focus on math performance in the main text
because it is the subject with the largest increase in ENEM score gaps (Table 3) and because
math exams are often thought to be more amenable to test prep (Riehl and Welch, 2023).
Appendix Table A13 shows results for questions in language arts, natural science, and social
science.

Panel A of Table 6 begins by showing results that pool across all 405 math questions in
our sample (9 years ◊ 45 questions per exam). Column (C) reports the mean proportion
of correct answers for public students in cohorts prior to the state’s ENEM adoption year,
and column (E) reports the mean private/public gap in these cohorts. The average public
school student answered 29.1 percent of the questions correctly, and the private/public gap
in correct answers was 17.6pp. Columns (D) and (F) report the — and —

gap coe�cients
from equation (2). The estimate of —

gap in Panel A implies that a 100 percentage point
increase in ENEM adoption by federal universities is associated with a 2.4pp increase in the
private/public gap in correct responses averaged across all questions. This is consistent with
our finding for scale scores in Table 3.

Panels B–C of Table 6 show that the private/public gap in correct responses increased
across a wide range of math topic areas and competencies. These panels display results from
estimating equation (2) separately for each topic area (Panel B) and competency (Panel C).
We find positive and statistically significant estimates of —

gap in all seven math topic areas,
with estimates ranging from 1.3pp in algebra to 3.6pp for questions on proportions. The
estimates at the competency level are less powered since these regressions typically include
only 10–15 questions across all years, but the —

gap coe�cients are positive and greater than
0.8pp in 29 out of the 30 competencies. Appendix Table A13 shows that the private/public
gap in correct responses also increased across a wide range of topic areas in language arts,
natural science, and social science.

Although the estimates of —
gap in Table 6 are uniformly positive, there is substantial

variation in these coe�cients across exam skills. In Figure 7, we ask whether the exam
skills with the largest gains in private students’ performance are more or less informative

29 This analysis follows Jacob (2005) and Cohodes (2016) in using item-level data to shed light on the
mechanisms for test scores gains. Unlike these papers, we are also able to link item-level data to longer-run
outcomes to directly measure the informativeness of di�erent exam skills.
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for college persistence. The x-axes depict the —
gap coe�cients from column (F) of Table 6

estimated at the topic area (Panel A) and competency (Panel B) levels. The y-axes display
the informativeness of each topic area or competency for college persistence rates. We define
informativeness as the average di�erence in 3-year persistence rates between individuals who
answered each question correctly and those who did not, calculated across all questions
within the same topic area or competency.30 For example, our measure of informativeness
for the algebra topic area is 0.046, which means that students who correctly answered a
typical algebra question were 4.6pp more likely to persist in their college program for three
years than students with an incorrect answer. Figure 7 includes exam skills from each of the
four core subjects, as illustrated by the marker colors and symbols. The dashed line shows
the linear relationship between exam skill informativeness and the —

gap coe�cients.
Exam skills that experienced larger increases in the private/public gap in correct responses

tend to be more informative for college persistence. Correct answers on the ENEM are highly
informative for individuals’ academic potential; the y-axes of Figure 7 show that students
with a correct answer to an average question were roughly 5pp more likely to persist in
college for three years than students with a wrong answer. Exam skills that contributed
more to the expansion of the private/public test score gap (larger —

gap coe�cients) also tend
to be more informative for college persistence. For example, at the topic area level, math
questions on proportions and interpreting data have the largest —

gap coe�cients, and they
are also among the most informative exam skills.

There is also a positive relationship between —
gap and skill informativeness for most other

college and labor market outcomes. Appendix Table A14 shows competency-level OLS re-
gressions of informativeness on —

gap for each of the outcomes in Table 5. We estimate
regressions that pool across all four core subjects as well as separate regressions for each
subject. In the pooled regressions, we find positive and mostly significant OLS coe�cients
for every outcome, with a particularly strong relationship between the —

gap coe�cients and
informativeness for wages. The positive relationship between informativeness and —

gap also
arises within competencies on the math and language arts exams; we find no significant rela-
tionship in natural science or social science. This positive relationship is robust to including
controls for question di�culty and other IRT parameters (Appendix Table A15). Although
the magnitudes of the OLS coe�cients are slightly reduced, we find no evidence that skills
with larger —

gap coe�cients are less informative for student outcomes.

30 This measure of informativeness is closely related to the correlation coe�cient between ENEM scores and
outcomes, which is the measure of informativeness we use in Table 5. The correlation between an indicator
for correctly answering question j, Cij , and an outcome, Yi, can be written as a function of the di�erence
in the mean outcomes of students who got the question correct and incorrect, corr(Cij , Yi) = (E[Yi|Cij =
1] ≠ E[Yi|Cij = 0])‡Cj /‡Y , where ‡Cj and ‡Y are the standard deviations of Cij and Yi.
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5.6. Discussion. The results in this section run counter to the common criticism that high-
stakes exams cause students to prepare for narrow exam skills that do not benefit them
outside of the test. The adoption of the ENEM by federal universities increased the overall
predictive power of scores for college enrollment, persistence, and graduation. Further, the
increase in ENEM stakes caused private school students to perform better across a wide range
of exam skills, and these performance gains were driven by skills that are more informative
for longer-run outcomes.

Our mechanism analysis indicates that the increase in informativeness is partly due to
an increase in the correlation between test scores and socioeconomic factors that influence
both access to test prep and success in college. Yet our findings suggest that the higher
stakes exam also helped students reveal or develop other harder-to-measure dimensions of
academic potential. One of the government’s objectives in redesigning the ENEM exam
was to create a test that is better aligned with high school and college curriculum than
many of the university-specific vestibular exams. Thus the adoption of the ENEM by federal
universities may have redirected students’ preparation e�orts toward material that benefited
them in college and/or rewarded students who had learned this material in high school.

6. Conclusion

Every year, admission committees at elite universities allocate scarce slots among many
applicants on whom they have limited information. These committees seek to bolster their
schools’ reputations by admitting talented students (MacLeod et al., 2017), and so they
consider signals of candidate quality such as standardized test scores, high school grades,
and personal essays. Yet candidates have a strong incentive to manipulate these signals due
to the perceived value of attending an elite university. This process gives an advantage to
individuals who have the know-how and resources to improve their application credentials.

This paper examined how incentives to manipulate performance a�ect the distribution and
informativeness of university admission scores. On the one hand, we found that test score
gaps between private and public high school students increased when elite Brazilian univer-
sities began using the exam in admissions. In the language of theoretical work on muddled
information (Frankel and Kartik, 2019), private school students had relatively higher “gam-
ing ability” for standardized admission tests. Gaming ability may partially reflect access
to test preparation resources; indeed, many wealthy Brazilian students take expensive prep
courses and attend private high schools that focus on exam preparation. In this sense, our
findings corroborate the concern that high-stakes admission exams give a leg up to wealthy
students.

On the other hand, our paper showed that incentives to manipulate exam performance
can actually improve the quality of the test score signal from the standpoint of admission
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committees. We found that the predictive power of exam scores for college enrollment,
persistence, and graduation increased when top Brazilian universities adopted the exam in
admissions. This suggests that gaming ability may also reflect characteristics that help
students succeed in college such as a willingness to exert e�ort, the capacity to learn new
material, or family resources. This finding runs counter to the common narrative that test
prep causes exam scores to be biased as a measure of academic potential.

Our findings highlight the challenge that universities face in seeking to admit both academically-
prepared and diverse student bodies. Our paper shows that this problem is not solely due
to demographic gaps in pre-college achievement; rather, the high-stakes nature of university
admissions exacerbates the tension between diversity and informativeness. Brazilian univer-
sities balance these objectives by reserving admission slots for disadvantaged applicants and
then admitting students who have the highest test scores within each pool. U.S. colleges are
more constrained in their ability to consider demographic characteristics, particularly in the
wake of the Supreme Court’s 2023 ban on race-based a�rmative action. Improved access to
low-cost test prep through organizations like Descomplica in Brazil and the Khan Academy
in the United States may help, but there is limited evidence on their e�ectiveness.

More broadly, the tradeo� between diversity and informativeness is likely to arise in other
high-stakes settings such as recruiting at prestigious firms. We hope future research will shed
light on the consequences of muddled information in other education and labor markets.
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Figure 1. Adoption of ENEM exam by federal universities

Notes: This figure illustrates time variation in the number of ENEM exam takers and the proportion of federal
university enrollees who were admitted using the ENEM.

Panel A shows the total number of individuals who took the ENEM each year from 2007 to 2017. Each bar displays
the overall number of ENEM exam takers (black bars) and the number of exam takers in our analysis sample (red
bars). Panel B shows the proportion of new enrollees in federal universities admitted through the ENEM exam in
each year from 2009 to 2018 (red solid line) and the proportion of new enrollees in federal universities who attended
a university in their birth state from 2010 to 2018 (black dashed line).
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Figure 2. Variation in ENEM adoption by federal universities across states and years

Notes: This figure illustrates the staggered adoption of the ENEM exam by federal universities. The outcome in both
panels is the proportion of new enrollees in federal universities in state s who were admitted using the ENEM exam
administered in year t (the calendar year prior to enrollment), denoted as ProportionENEMst.

Panel A plots the mean of ProportionENEMst for groups of states based on their ENEM adoption year, ·ú
s , as

indicated in the legend. See Section 3.3 for the definition of ENEM adoption years, ·ú
s .

Panel B plots event-study coe�cients, —l, from the state (s) ◊ year (t) ◊ pairwise group (g) level regression:

ProportionENEMstg = “sg + “tg +
7ÿ

l=≠7

—l {t ≠ ·ú
s = l} + ‘stg,

where l denotes years relative to ·ú
s . Pairwise groups (g) are defined described in Section 3.4. The regression includes

state ◊ group dummies (“sg), year ◊ group dummies (“tg), and dummies for years l ( {t ≠ ·ú
s = l}), with l = ≠1

omitted as the reference year. The graph plots the —l coe�cients from l = ≠4 to l = 4. Dashed lines depict 95%
confidence intervals using standard errors clustered at the state level.
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Figure 3. Event studies for e�ects of ENEM adoption on private/public test score gaps

Notes: This figure presents event study estimates of the impact of ENEM adoption on test score gaps between private and public school students. The sample
includes all pairwise combinations of ENEM adoption years for which treatment e�ects can be estimated using 2009–2017 exam takers (the boxed cells in
Appendix Table A4). Pairwise groups are defined described in Section 3.4.

Each panel plots the —gap
l coe�cients (y-axis) from equation (4) for years l = ≠4 to l = 4 relative to the state’s ENEM adoption year, ·ú

s(i) (x-axis). The
dependent variables are ENEM subject scores in SD units, as listed in the title of each panel. “Average (core subjects)” is the average score across math,
language arts, natural science, and social science. Dashed lines depict 95% confidence intervals using standard errors clustered at the state level.
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Panel B. Gaps by test prep activity

Figure 4. E�ects of ENEM adoption on gaps in average (core subjects) scores

Notes: This figure shows the impact of ENEM adoption on various gaps in average ENEM scores.
Panel A shows impacts on demographic test score gaps. “High-income” individuals are defined as those with a

family income greater than or equal to twice the minimum wage. Panel B shows impacts on test score gaps between
students who did and did not engage in test prep activities, as defined by two di�erent measures. We define “prep
schools” as private schools whose curriculum is specifically focused on preparation for college admission exams. To
define this measure, we obtained lists of schools that use test-oriented curricula from the websites of four prominent
test prep companies and matched them to our sample of high schools using geocoded addresses. For the last bar in
Panel B, we use a variable from the ENEM questionnaire that indicates whether the student took an entrance exam
preparation course. See Appendix Table A10 for details on these measures of test prep activity.

White bars represent mean gaps in average (core subjects) ENEM scores in low-stakes cohorts for each demo-
graphic/test prep group. Gray bars show estimates of —gap from a specification of equation (2) that replaces Privateh

with a dummy variable for the first group listed in the heading (e.g., high-income, prep school, etc.). For this figure,
we estimate equation (2) at the individual level rather than at the high school ◊ year level. Black bars represent
95% confidence intervals using standard errors clustered at the state level.
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Figure 5. E�ects of ENEM adoption on the informativeness of subject scores for longer-run outcomes

Notes: This figure shows the impacts of ENEM adoption on the informativeness of subject-specific ENEM scores
for longer-run outcomes. Lighter-shaded areas depict the average correlation coe�cients between subject scores and
outcomes in low-stakes cohorts (i.e., cohorts where HighStakesst = 0). Darker-shaded areas depict — estimates
from equation (5), where the outcome variables are state ◊ year correlation coe�cients between subject scores and
outcomes. The black bars represent 95% confidence intervals using standard errors clustered at the state level.
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Figure 6. E�ects of ENEM adoption on the correlation between outcomes and test scores

controlling for demographics

Notes: This figure shows the impacts of ENEM adoption on the informativeness of average (core subjects) scores for
longer-run outcomes after controlling for demographic characteristics.

The bars depict — coe�cients from equation (5). The dependent variable is correlation coe�cient between average
(core subjects) ENEM scores and the longer-run outcome in state s and ENEM cohort t. The white bars reproduce the
estimates from column (B) of Table 5. The darker-colored bars show the — coe�cients in specifications that control
for four sets of demographic controls: 1) a dummy for private high schools; 2) dummies for family income categories,
mother’s education, father’s education, and race; 3) a gender dummy and age; and 4) high school dummies. Each
darker-colored bar includes the new controls along with all controls from the previous bars. Percentages indicate
the ratio between the — coe�cient for the given bar and the — coe�cient for the specification without demographic
controls (white bars).

37



0DWK /DQJXDJH�DUWV 1DWXUDO�VFLHQFH 6RFLDO�VFLHQFH

1XPEHUV
*HRPHWU\

0HDVXUHPHQWV

3URSRUWLRQV

$OJHEUD

,QWHUSUHWLQJ�GDWD

6WDWLVWLFV

&RPPXQLFDWLRQ

)RUHLJQ�ODQJXDJH

$UW

/LQJXLVWLFV

3RUWXJXHVH6RFLDO�FRPPXQLFDWLRQ

7HFKQRORJ\

(QYLURQPHQWDO�FRQV�

3K\VLFV
&KHPLVWU\

%LRORJ\

*HRJUDSK\

6RFLDO�LQVWLWXWLRQV

7HFKQRORJ\

6RFLHW\�DQG�QDWXUH

����

����

����

����

,Q
IR
UP
DW
LY
HQ
HV
V�
IR
U��
�\
HD
U�F
RO
OH
JH
�S
HU
VL
VW
HQ
FH

����� ���� ���� ���� ���� ����

(IIHFW�RI�(1(0�VWDNHV�RQ�SULYDWH�SXEOLF�JDS��βJDS�

Panel A. Topic areas

(YDOXDWH�LQWHUYHQWLRQV�XVLQJ�VWDWLVWLFV�����

,GHQWLI\�QXPHULFDO�SDWWHUQV����

,QWHUSUHW�&DUWHVLDQ�JUDSKV�����

,GHQWLI\�XQLWV�RI�PHDVXUHPHQW�����

(YDOXDWH�LQWHUYHQWLRQV
XVLQJ�SURSRUWLRQV�����

����

����

����

����

����

����

,Q
IR
UP
DW
LY
HQ
HV
V�
IR
U��
�\
HD
U�F
RO
OH
JH
�S
HU
VL
VW
HQ
FH

����� ����� ���� ���� ���� ����

(IIHFW�RI�(1(0�VWDNHV�RQ�SULYDWH�SXEOLF�JDS��βJDS�

Panel B. Competencies

Figure 7. Informativeness for college persistence vs. impact of exam stakes on private/public gap
by exam skill

Notes: This figure shows the relationship between the informativeness of ENEM exam skills for college persistence
(y-axis) and the e�ect of ENEM stakes on the private/public gap (x-axis). To define the informativeness of each
exam skill for 3-year college persistence (y-axis), we compute the mean di�erence in 3-year persistence rates between
individuals who got each question correct and incorrect using 2009–2014 (excluding 2011) ENEM participants in our
analysis sample, and then average these di�erences across all questions in the same topic area (Panel A) or competency
(Panel B). Our measure of the e�ect of ENEM stakes on the private/public gap (x-axis) is the —gap coe�cient from
estimating equation (2) separately for groups of ENEM questions in each topic area (Panel A) and competency
(Panel B). The dependent variable in these regressions is an indicator for a correct answer, and the sample includes
2009–2017 ENEM participants in our analysis sample. Marker colors and shapes depict exam subjects, as described
in the legend. The dashed line shows the linear relationship between informativeness and the —gap coe�cients.
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Table 1. Summary statistics for 2009–2017 ENEM exam takers

(A) (B) (C) (D) (E) (F)

Analysis sample (high school seniors)

All exam All HS All Private Public Private/
takers seniors schools schools schools public gap

Panel A. Exam taker characteristics

Age at exam 22.14 18.55 17.91 17.44 18.13 ≠0.70
Female 0.58 0.59 0.58 0.55 0.60 ≠0.05
White 0.40 0.44 0.51 0.69 0.43 0.26
Black 0.12 0.11 0.08 0.04 0.10 ≠0.06
Brown 0.44 0.42 0.37 0.23 0.44 ≠0.21
Mother completed college 0.15 0.18 0.27 0.56 0.13 0.44
Father completed college 0.11 0.13 0.21 0.49 0.07 0.41
Family income > 2x min. wage 0.35 0.38 0.49 0.85 0.32 0.52
Private high school 0.24 0.24 0.32 1.00 0.00 1.00

Panel B. ENEM scores

Math score ≠0.03 ≠0.01 0.32 1.28 ≠0.13 1.42
Language arts score 0.08 0.04 0.24 0.78 ≠0.01 0.79
Natural science score ≠0.17 ≠0.18 0.05 0.75 ≠0.28 1.03
Social science score 0.30 0.22 0.43 1.07 0.14 0.93
Average score (core subjects) 0.05 0.02 0.30 1.12 ≠0.09 1.20
Writing score ≠0.41 ≠0.38 ≠0.13 0.50 ≠0.43 0.93

Panel C. College and labor market outcomes

Ever enrolled in college 0.76 0.95 0.67 0.27
Enrolled in a federal university 0.16 0.26 0.11 0.15
Graduated college within 5 years 0.17 0.23 0.15 0.08
Ever graduated college 0.31 0.43 0.25 0.18
Persisted in college for 3 years 0.66 0.73 0.61 0.12
Fraction of college credits completed 0.69 0.75 0.64 0.11
Appears in RAIS in 2016–2018 0.26 0.20 0.29 ≠0.08
Hourly wage (BRL) 48.89 70.03 41.59 28.44

Number of exam takers 40,391,604 11,626,416 2,512,214 807,293 1,704,921 2,512,214
Number of high schools 46,584 45,867 3,276 1,437 1,839 3,276

Notes: This table reports summary statistics on ENEM exam takers. Column (A) includes all individuals who took
the ENEM exam in 2009–2017 who have a non-zero, non-missing test score in all four core subjects. Column (B)
includes all exam takers in these years who were high school seniors at the time of the exam. Column (C) includes
exam takers in our analysis sample. Columns (D) and (E) include present results for private an public high school
students without our analysis sample, respectively. Column (F) displays the di�erence between columns (D) and (E).

Panel (A) presents demographic characteristics of the exam takers, including age, gender, race, parental education,
family income, and whether they attended a private high school. Panel (B) reports average ENEM scores (in SD
units). “Average score (core subjects)” is the average score across math, language arts, natural science, and social
science. Panel (C) displays college and labor market outcomes for the exam takers in our analysis sample. The last
two rows report the number of exam takers and high schools. See Appendix C.1 for details on variable definitions.
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Table 2. Balance tests for analysis sample

(A) (B) (C) (D) (E)

Low-stakes
mean DD coe�cients

All All Private Public Private/
Dependent variable schools schools schools schools public gap

Panel A. Exam taking and school enrollment

Log # exam takers in school 4.713 0.076 ≠0.004 0.089 ≠0.093
(0.065) (0.118) (0.056) (0.107)

Log # HS seniors in school 5.118 ≠0.033 ≠0.072 ≠0.033 ≠0.039
(0.022) (0.053) (0.032) (0.070)

# schools attended in past 3 years 1.220 ≠0.010 ≠0.023 ≠0.010 ≠0.013
(0.012) (0.015) (0.016) (0.017)

Panel B. Demographic characteristics of exam takers

Age at exam 18.190 0.030 0.010 0.073 ≠0.063
(0.054) (0.015) (0.083) (0.075)

Female 0.599 ≠0.014úú ≠0.013úú ≠0.012ú ≠0.000
(0.006) (0.005) (0.006) (0.006)

White 0.469 ≠0.007 ≠0.009 0.001 ≠0.010
(0.010) (0.008) (0.010) (0.012)

Mother completed college 0.258 0.001 0.009 0.000 0.009
(0.008) (0.010) (0.005) (0.010)

Father completed college 0.195 0.006 0.013 0.005 0.008
(0.006) (0.011) (0.004) (0.009)

Family income > 2x min. wage 0.476 0.003 0.016 ≠0.002 0.018
(0.022) (0.010) (0.028) (0.031)

Joint balance test (p value) 0.159 0.308 0.206 0.708

Panel C. Predicted score based on demographics

Predicted ENEM score 0.181 0.004 0.017 ≠0.001 0.018
(0.011) (0.012) (0.011) (0.014)

N (# exam takers) 492,436 2,512,214 807,293 1,704,921 2,512,214
N (# HS seniors) 707,255 3,283,616 913,767 2,369,849 3,283,616

Notes: This table presents balance tests for 2009–2017 ENEM test takers in our analysis sample (column C of Table
1). In Panel A, the dependent variables are: 1) the log number of exam takers per school; 2) the log number of
high school seniors per school; 3) the average number of schools each senior attended in the past three years. In
Panel B, the dependent variables are exam taker demographic characteristics. In Panel C, the dependent variable is
the predicted value from a regression of average ENEM score (core subjects) on age, gender, and dummies for race,
mother’s education, father’s education, and family income bins. The dependent variables are high school ◊ year
totals (log counts) and averages (all other variables).

Column (A) shows the mean of each dependent variable in exam cohorts prior to each state’s ENEM adoption
year (i.e., cohorts with HighStakesst = 0). Columns (B)–(D) display — coe�cients from equation (1) estimated using
all students, private students, and public students, respectively. Column (E) displays —gap coe�cients from equation
(2) estimated using all students. The last row of Panel B shows the p value from an F test that the coe�cients in
Panel B are jointly equal to zero. Parentheses contain standard errors clustered at the state level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 3. E�ects of ENEM adoption on test scores in public and private high schools

(A) (B) (C) (D) (E)

Low-stakes
mean DD coe�cients

Private/ All Private Public Private/
Dependent variable public gap schools schools schools public gap

Math score 1.358 0.022 0.143úú ≠0.015 0.158ú

(0.055) (0.058) (0.070) (0.079)

Language arts score 0.837 0.035 0.068úúú ≠0.008 0.076úúú

(0.035) (0.020) (0.034) (0.026)

Natural science score 1.059 0.026 0.062ú ≠0.003 0.065ú

(0.040) (0.031) (0.042) (0.034)

Social science score 1.010 0.019 0.056ú ≠0.024 0.081úúú

(0.034) (0.029) (0.029) (0.023)

Average score (core subjects) 1.229 0.029 0.095úú ≠0.014 0.110úú

(0.043) (0.036) (0.045) (0.040)

Writing score 0.784 0.049 0.165úú 0.063ú 0.102ú

(0.035) (0.072) (0.033) (0.058)

N (# exam takers) 492,436 2,512,214 807,293 1,704,921 2,512,214

Notes: This table shows the e�ect of ENEM adoption on the test scores of private and public high school students.
The sample includes 2009–2017 ENEM exam takers in our analysis sample (column C of Table 1). The dependent
variables are ENEM subject scores in SD units. “Average score (core subjects)” is the average score across math,
language arts, natural science, and social science.

Column (A) shows the mean private/public score gap in exam cohorts prior to each state’s ENEM adoption year
(i.e., cohorts with HighStakesst = 0). Columns (B)–(D) display — coe�cients from equation (1) estimated using all
students, private school students, and public school students, respectively. Column (E) displays —gap coe�cients from
equation (2) estimated using all students in the analysis sample. Parentheses contain standard errors clustered at
the state level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 4. Robustness checks on the e�ects of ENEM adoption on private/public school test score gaps

(A) (B) (C) (D) (E) (F)

Demo- 2009 vs 2013 Stacked
Benchmark graphic Binary Stacked adopters regression

Dependent variable model controls treatment regression (2007–2012) (2007–2017)

Math score 0.158ú 0.128ú 0.105úú 0.116úú 0.086úúú 0.061úú

(0.079) (0.067) (0.050) (0.055) (0.019) (0.024)

Language arts score 0.076úúú 0.072úúú 0.042úú 0.055úúú 0.106úúú 0.062úúú

(0.026) (0.023) (0.017) (0.014) (0.031) (0.022)

Natural science score 0.065ú 0.074úú 0.032 0.025 0.059úúú 0.022
(0.034) (0.036) (0.030) (0.016) (0.017) (0.014)

Social science score 0.081úúú 0.053ú 0.042úú 0.053úú 0.046 0.042
(0.023) (0.028) (0.020) (0.020) (0.035) (0.025)

Average score (core subjects) 0.110úú 0.094úú 0.064úú 0.072úúú 0.088úú 0.049úú

(0.040) (0.040) (0.030) (0.023) (0.029) (0.024)

Writing score 0.102ú 0.144úú 0.035 0.023 0.058 0.064úúú

(0.058) (0.058) (0.044) (0.028) (0.047) (0.021)

N (# exam takers) 2,512,214 2,512,214 2,512,214 5,858,862 1,099,500 15,738,474

Treatment variable: Continuous Continuous Binary Binary Binary Binary
Demographic controls: Yes
Level of dataset: HS ◊ year HS ◊ year HS ◊ year Stacked HS ◊ year Stacked
Included exam cohorts: 2009–2017 2009–2017 2009–2017 2009–2017 2007–2012 2007–2017

Notes: This table examines the robustness of our estimates of the e�ects of ENEM adoption on private/public test score gaps.
In columns (A)–(D), the sample includes 2009–2017 ENEM exam takers in our analysis sample (column C of Table 1). In columns (E)–(F), the sample also

includes 2007–2008 ENEM exam takers from the same set of high schools. The dependent variables are ENEM subject scores in SD units. “Average score (core
subjects)” is the average score across math, language arts, natural science, and social science. Columns (E)–(F) include scores from the 2007–2008 ENEM
tests; in these columns, we standardize scores to have a mean of 0 and SD of 1 within each year of our sample. For the 2007–2008 exams, “average score” is the
reported core component score, and we compute math, language arts, natural science, and social science scores by categorizing the multiple-choice questions
into these four subjects and then estimating a scale scores using the IRT parameters. See Appendix C.1 for details.

Column (A) reproduces the estimates from column (E) of Table 3, which are the —gap coe�cients from equation (2). Column (B) shows estimates of equation
(2) including high school ◊ year averages of age, gender, and dummies for race, mother’s education, father’s education, and family income bins. Column (C)
shows estimates of equation (2) replacing the continuous treatment variable, ProportionENEMst, with the binary treatment variable, HighStakesst. Columns
(D)–(F) show estimates of —gap from equation (3) using the stacked dataset, which contains pairwise combinations of ENEM adoption years (as described
in Section 3.4). Column (D) includes all pairwise combinations for which we can estimate treatment e�ects using 2009–2017 exam takers (the boxed cells in
Appendix Table A4). Column (E) includes 2007–2012 exam takers and a single pair of ENEM adoptions years, 2009 and 2013 (the bolded cells in Appendix
Table A4). Column (F) includes all 2007–2017 exam takers and all pairwise combinations (all cells in Appendix Table A4).

Parentheses contain standard errors clustered at the state level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 5. E�ects of ENEM adoption on the informativeness of ENEM scores for longer-run outcomes

(A) (B) (C) (D) (E)

Low-stakes Benchmark model Binary treatment
mean DD coe�cients DD coe�cients

Dependent variable: Correlation Raw Raw Within- Raw Within
between average ENEM scores and... corr. corr. program corr. program

Panel A. Outcomes for all exam takers

Enrolled in any college by 2019 0.372 0.036úúú 0.022úúú

(0.006) (0.004)

Finished college within 5 years of ENEM 0.121 0.014ú 0.026úúú 0.007 0.015úúú

(0.008) (0.007) (0.004) (0.005)

Earned a college degree by 2019 0.257 0.033úú 0.038úúú 0.016 0.023úúú

(0.015) (0.010) (0.011) (0.007)

Appears in RAIS in 2016–2018 ≠0.112 0.056 0.020ú 0.014 0.008
(0.044) (0.011) (0.025) (0.007)

N (# exam takers) 336,175 1,266,412 1,266,412 1,266,412 1,266,412

Panel B. Outcomes for college enrollees

Persisted in college for 1 year 0.064 0.008 0.024úúú 0.007 0.011ú

(0.014) (0.007) (0.011) (0.006)

Persisted in college for 3 years 0.142 0.033úú 0.043úúú 0.018úú 0.024úúú

(0.013) (0.008) (0.009) (0.006)

Completed program within 5 years 0.071 0.044úú 0.035úúú 0.022ú 0.018úú

(0.018) (0.011) (0.011) (0.007)

Fraction of college credits completed 0.214 0.003 0.014 ≠0.011 0.013ú

(0.014) (0.013) (0.011) (0.007)

N (# in higher ed.) 274,022 966,649 966,649 966,649 966,649

Panel C. Outcome for individuals in RAIS

Hourly wage (BRL) 0.200 0.046úú 0.027úú 0.027úúú 0.012ú

(0.018) (0.010) (0.007) (0.006)

Log hourly wage 0.362 ≠0.029úú ≠0.001 ≠0.017ú ≠0.001
(0.014) (0.010) (0.008) (0.006)

N (# in RAIS) 80,382 328,773 328,773 328,773 328,773

Notes: This table shows the impacts of ENEM adoption on the informativeness of ENEM scores for longer-run
student outcomes. Our measure of informativeness is the correlation coe�cient between the outcome in the column
header and average (core subject) ENEM scores using data from our analysis sample for each state ◊ year pair in
2009–2014 (excluding 2011). We estimate equation (5) using these correlation coe�cients as dependent variables,
weighting each state ◊ year observation by the number of ENEM test takers for whom the outcome is defined.

Column (A) shows the mean correlation coe�cients in exam cohorts prior to each state’s ENEM adoption year.
Columns (B)–(E) display — coe�cients from equation (5). Columns (B) and (D) use raw correlation coe�cients as
dependent variables. In columns (C) and (E), the dependent variables are correlation coe�cients computed after
demeaning all variables within college ◊ program cells. Regressions in columns (B)–(C) use the continuous treatment
variable, ProportionENEMst. Columns (D)–(E) use the binary treatment variable, HighStakesst.

Parentheses contain standard errors clustered at the state level.
* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 6. E�ects of ENEM adoption on math exam performance by topic area and competency

(A) (B) (C) (D) (E) (F)

Outcome: Proportion of correct answers

Public students Private/public gap

Question group Nq Mean — (SE) Mean —gap (SE)

Panel A. All questions

All questions 405 0.291 ≠0.005 (0.010) 0.176 0.024 (0.009)**

Panel B. Topic area (and competency reference numbers)

Numbers (1–5) 67 0.307 ≠0.010 (0.011) 0.159 0.021 (0.011)*
Geometry (6–9) 57 0.317 0.003 (0.007) 0.160 0.016 (0.008)*
Measurements (10–14) 62 0.257 ≠0.006 (0.010) 0.193 0.029 (0.009)***
Proportions (15–18) 51 0.336 ≠0.008 (0.019) 0.225 0.036 (0.015)**
Algebra (19–23) 66 0.264 ≠0.003 (0.005) 0.172 0.013 (0.007)*
Interpreting data (24–26) 47 0.325 ≠0.014 (0.017) 0.193 0.034 (0.015)**
Statistics (27–30) 55 0.241 ≠0.000 (0.007) 0.137 0.022 (0.009)**

All coe�cients equal (p value) 0.299 0.015

Panel C. Competencies (top 5 and bottom 5 by —gap/mean)

Evaluate interventions using proportions (18) 12 0.293 ≠0.012 (0.023) 0.219 0.060 (0.017)***
Use tables/graphs to construct arguments (26) 14 0.363 0.001 (0.023) 0.233 0.042 (0.019)**
Identify units of measurement (10) 10 0.375 ≠0.001 (0.020) 0.313 0.042 (0.018)**
Calculate statistical quantities from data (27) 15 0.220 0.005 (0.010) 0.140 0.039 (0.022)*
Identify proportional relationships (15) 12 0.395 ≠0.013 (0.025) 0.274 0.035 (0.023)
. . .
Use numbers to construct arguments (4) 15 0.266 ≠0.007 (0.010) 0.161 0.011 (0.012)
Use algebra to construct arguments (22) 9 0.211 0.006 (0.008) 0.107 0.011 (0.009)
Solve problems using geometry (8) 18 0.236 0.013 (0.003)*** 0.147 0.009 (0.010)
Interpret Cartesian graphs (20) 11 0.541 ≠0.018 (0.027) 0.209 0.008 (0.039)
Evaluate interventions using statistics (30) 10 0.253 0.001 (0.011) 0.072 ≠0.011 (0.016)

21 coe�cients equal (p value) 0.000 0.000

Notes: This table shows the impacts of ENEM adoption on performance in di�erent topic areas and competencies
on the math subject test.

The sample includes 2009–2017 ENEM exam takers in our analysis sample (column C of Table 1). Regressions
are at the high school (h) ◊ year (t) ◊ exam question (q) level. The dependent variable is the proportion of correct
answers in each htq cell for questions on the math subject test. Panel A presents results from a regression that includes
all math questions. Panels B and C present results from separate regressions for each of 7 math topic area and 30
math competencies, as defined by ENEM test designers. Panel C displays only the top 5 and bottom 5 competencies
based on the values in Column (F). See Appendix C.4 for details on math topic areas and compentencies.

Column (A) specifies the group of questions contained in each regression. Column (B) indicates the number of
questions in each group. Column (C) shows the mean proportion of correct answers for public school students in
cohorts prior to each state’s ENEM adoption year (i.e., cohorts with HighStakesst = 0). Column (E) shows the mean
private/public gap in the proportion of correct answers in these cohorts. Columns (D) and (F) display the — and
—gap coe�cients from equation (2) estimated for each group of questions. In Panel B, the last row reports p values
from F tests that the 7 topic area coe�cients in columns (D) or (F) are equal. In Panel C, the last row reports p
values from F tests that 21 competency coe�cients (the first 3 in each topic area) are jointly equal.

Parentheses contain standard errors clustered at the state level.
* p < 0.10, ** p < 0.05, *** p < 0.01.
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