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Abstract

This paper examines how the textual context within questions on Brazil’s ENEM—the world’s second-
largest college admission test—affects performance gaps across socioeconomic status (SES), gender,
and ethnicity. Using data from over 3.8 million test-takers across 13 years (2010–2022), I analyze
question-specific gaps, linking them to words and topics in each question through bag-of-words and
topic modeling, combined with penalized regressions, to identify key drivers of these gaps. Based on
top predictive words and topics, I generate hypotheses on how specific contexts influence disparities.
Testing these hypotheses with a rich set of fixed effects that help rule out alternative drivers, I find
that textual context matters: SES gaps grow by 0.9 percentage points (p.p.) —15% of the SES
gap— when questions feature financial language but decrease by 1 p.p. (16% of SES gap) in everyday
contexts. Gender gaps are sensitive to negative effects only among high-ability test-takers: for these
students, abstract scientific contexts widen the gap by 0.6 p.p. (40% of the high-ability gender gap),
while creative and social contexts reduce it consistently across the entire ability distribution by 0.4
p.p. (21% of gender gap). Additionally, questions featuring female characters help close gender gaps.
Ethnic gaps, however, show no significant text-based predictors except in the language subject. These
findings show that textual context affects testing equity, highlighting paths to fairer design.
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1 Introduction

Standardized tests are widely employed to assess the abilities of college applicants, monitor the quality of

schools, and identify the most suitable candidates for various job positions.1 In most cases, standardized

tests are high-stakes, often serving as gateways to better opportunities. Despite their widespread use,

these tools are increasingly criticized by advocacy groups which argue that they fail to measure underlying

ability and merely perpetuate the inequalities present in educational systems.2

While extensive literature in economics examines how various aspects of standardized test administra-

tion—such as time pressure, penalty for wrong answers, the ability being measured, among others—affect

group disparities, relatively little attention has been given to the role of textual context. This paper seeks

to bridge that gap by investigating how the textual context used to frame a question 3 influences per-

formance disparities across socioeconomic, gender, and ethnic groups in the Exame Nacional do Ensino

Médio (ENEM), used for admission of students to university programs in Brazil and the second-largest

college admission test in the world.

By “textual context”, I refer to elements like language or terminology tied to specific backgrounds,

framing, or character representation that triggers particular emotions or experiences. These contexts may

evoke different interpretations or cognitive loads across groups, potentially contributing to performance

disparities (Duquennois, 2022; Mani et al., 2013; Steele and Aronson, 1995). These cognitive loads can

be especially consequential in high-stakes settings like the ENEM, where, for instance, in 2016 over

3.5 million test-takers compete for around 150,000 spots in Brazil’s most prestigious, tuition-free public

universities (Otero et al., 2021).

I proceed in three steps. First, I quantify the performance gap associated with each question in the

ENEM by socioeconomic status (SES), gender, and ethnicity. Second, I systematically analyze these

estimated performance gaps and develop a method to generate hypotheses based on the topics and words

in the question texts that predict the largest variations in gaps. For each dimension, I identify both a

widening and a reducing channel. In the third step, I test whether these hypothesized channels hold,

using a rich set of fixed effects that include individual differences in performance by competence level

(one of the most granular possible way to order comparable questions), question fixed effects, and year

and regional trends. This setup allows me to rule out alternative mechanisms and explore within-group

1Currently, several countries adopt this practice, including the SAT and ACT (USA), A-levels (UK), Baccalauréate
(France), PAU (Spain), Abitur (Germany), Gaokao (China), PAES (Chile), HSC (Australia), and USE (Russia). They are
also used to screen international graduate students via the Graduate Record Examination (GRE) or to assess foreign language
proficiency through exams like TOEFL or IELTS. Similarly, standardized assessments are used to license professionals in fields
such as medicine and law, with examples including the bar exams in law, the United States Medical Licensing Examination
(USMLE), and the Medico Interno Residente (MIR) in Spain. Additionally, standardized tests are utilized to compare
educational systems across countries, with prominent examples being the National Assessment of Educational Progress
(NAEP) in the United States, the Program for International Student Assessment (PISA), and the Trends in International
Mathematics and Science Study (TIMSS). Finally, standardized tests are also frequently employed for hiring and screening
candidates in competitive labor markets (Rudner, 1992; Schmidt and Hunter, 1998).

2A significant debate has recently emerged following the decision by several Ivy League-Plus universities to reinstate
standardized test scores in their admissions processes after a pandemic-induced pause. Numerous advocacy organizations
are actively engaged in this discussion, such as FairTest https://fairtest.org/higher-ed/.

3Hereinafter, “item” and “question” will be used interchangeably
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heterogeneous responses along relevant dimensions, such as ability levels or the subject to which the

question pertains.

These three steps are essential. In the first step, I provide an informative metric that characterizes

the performance gaps exhibited by each group across dimensions. In the second step, I propose a method

to navigate the multidimensional space of words and topics that are potential drivers of these gaps,

generating testable hypotheses. Since this method relies on correlations of averages at the question level,

it might misidentify drivers. Therefore, the third step is indispensable for rigorously testing whether

the identified patterns hold at the individual level while accounting for alternative channels. This step

ensures that aggregate findings are not simply generalized and helps uncover nuanced, heterogeneous

effects that are not visible in broader analyses.

In the first step, I estimate performance gaps for 2,201 questions using a sample of 3.8 million high-

stakes test-takers from 2010–2022.4 Gaps are estimated at the question level by regressing an indicator

for having answered a question correctly on SES, gender, and conditional ethnicity dummies in separate

OLS regressions (i.e.: question-by-question mean group differences). Consistent with previous literature,

low-SES students tend to underperform overall, though some questions show them outperforming, with

similar patterns for ethnicity. Female test-takers lag behind male peers in all subjects except language,

where gaps are slightly negative and centered around zero. On average, SES gaps are 6.8 p.p., gender

gaps are 3.2 p.p., and conditional ethnicity gaps are 1.7 p.p., with a 32% correct-answer rate overall.

When examining how much of the variation in gaps can be explained by competence fixed effects

—which capture differences related to question types, such as probability understanding versus algebra

modeling—and by controlling for objective, non-contextual measures like word count, sentiment score,

presence of graphs or figures, and readability, I find that drivers of performance gaps differ in nature:

gender gaps are largely explained by variations in competencies, highlighting the role of stereotyped do-

mains, while SES and ethnicity gaps are better accounted for by discrimination and difficulty parameters

from Item Response Theory (IRT) analysis. Through ANOVA that 41% of the SES gap, 35% of the

gender gap, and 38% of the conditional ethnic gap variances are explained. These results suggest that

additional factors, beyond traditional metrics, contribute to the observed disparities.

In the second step, I generate hypotheses to explore the drivers of performance gaps across gender,

SES, and ethnicity by examining specific topics and words in question texts. The aim is to identify drivers

of textual context that contribute to each gap, alongside competences and other non-contextual features.

I start by identifying which individual words correlate most strongly with these gaps. To achieve this, I

use Ridge regression to estimate the impact of each unigram (single word) on the observed gaps, revealing

the unigrams that contribute most to the disparities.

To create a structured representation of question content, I next order the text included in questions

based on clusters that capture coherent themes in a process totally independent of the gaps that were

estimated in the first step. I accomplish this using Latent Dirichlet Allocation (LDA), which generates

4This refers to senior-high school test-takers who submitted all ENEM components so can apply to one slot in a public
university. Figure A2 shows yearly shares across the full sample. The number of 2,201 questions corresponds to all questions
that were asked in the time window in Portuguese that passed the inclusion criterion from a total of 2,340.
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66 topics optimized for coherence, meaning that each topic groups words that frequently co-occur across

the dataset, reflecting consistent themes based solely on text structure. This method represents each

question as a distribution across these topics, providing insight into its contextual characteristics without

clustering the questions themselves.

To further understand which topics contribute to the observed performance gaps, I examine the

relationship between topic distributions and gaps in each dimension. By applying Lasso regularization

regressions, I assess the extent to which each question’s representation—as a distribution of topics (where

each topic is a weighting function of words) alongside competence fixed effects and non-contextual fea-

tures—explains the estimated gaps. This approach enables the identification of contextual drivers within

each dimension by studying how topics influence the variation in gaps.

Finally, I generate testable hypotheses by synthesizing findings from the most impactful unigrams

identified in the Ridge model and the key topics derived from the Lasso model and their word composition.

Using ChatGPT, I focus on contextual elements unrelated to competence to distill common drivers of

widening and reducing channels for each dimension, resulting in one hypothesis per channel for each gap.

These hypotheses reveal that SES gaps widen with financial and business contexts but reduce in familiar,

practical settings; gender gaps widen with complex scientific topics but reduce in culturally familiar and

social contexts; and ethnicity gaps widen with abstract or legal concepts but reduce in historical and

culturally resonant contexts.

Based on these hypotheses, I label questions according to whether they align with widening or reducing

channels for each gap, using a series of keywords. The final check shows that tagged questions span

all subjects and are comparable to non-tagged questions in terms of non-contextual features and item

response theory (IRT) parameters—such as guessing, difficulty, and discrimination—confirming their

comparability.

In the third step, I rigorously test the generated hypotheses at the individual level, using a com-

prehensive fixed effects strategy to isolate the impact of contextual factors on performance disparities,

dimension by dimension. This approach rests on two key components: first, individual × competence

fixed effects capture each individual’s expected performance on a neutral question within that compe-

tence domain, providing a baseline ability for each domain. On top of this, I include question specific

fixed effects, which account for specific properties of the question such as difficulty, and regional and

yearly trends. This structured fixed effects model accounts for potential confounding influences, offering

a credible identification of the widening and reducing channels.

The results provide strong support for both channels in the SES gap: questions in the widening channel

increase the gap by 0.9 percentage points (15% of the overall SES gap), while items in the reducing channel

decrease it by 1 percentage point (16% of the overall SES gap). For the gender gap, only the reducing

channel holds using the whole sample, narrowing the gap by 0.4 percentage points consistently across

ability levels (10% of the overall gender gap), while the widening channel has a positive, unexpected

sign, contradicting the hypothesis. No major significant effects are found for both channels in the ethnic

dimension. Finally, when extending the methodology to assess potential spillover effects, I find that all
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significant effects are localized, with no impact on subsequent questions. These results remain robust

across various model specifications, including alternative ways of controlling for expected performance

in certain domains (e.g., individual-by-competence interactions instead of individual-by-subject) and by

including question fixed effects.

Heterogeneity analyses reveal key insights, particularly regarding ability, question subject, difficulty,

the degree of stereotyped competencies, the ”mirroring effect” (where characters in questions reflect

test-takers’ characteristics), and whether these effects are driven by local differences in social norms.

First, widening effects are more pronounced among higher-ability test-takers, especially for SES and

gender gaps. However, this trend does not appear in the reduction channel, which shows no clear pattern

for SES and remains stable for gender. These findings align with stereotype threat theory, which suggests

that individuals more identified with a domain are more susceptible to performance impacts when the

context emphasizes stereotypical associations (Smith and White, 2001).

Second, SES widening effects are observed across all four subjects, both in the full sample and among

test-takers in the highest ability quartile, with a more pronounced impact on math and science. In

contrast, gender widening effects emerge only among high-ability test-takers, with greater effects in

science. Reducing channels by subject are strongest in math across all three dimensions and abilities.

Third, when accounting for ability-adjusted difficulty—how challenging a question is relative to the

estimated ability of the test-taker—we observe that the results are not driven by certain questions being

particularly harder for some individuals than for others. Instead, these effects emerge independently of

the level of difficulty.

Fourth, for the gender dimension, tagging questions based on whether they involve stereotyped do-

mains—using subcompetencies with the largest increases in gender performance gaps—reveals that the

channels studied emerge even in subcompetence areas without stereotypes. However, for female test-

takers in the top quartile of ability, encountering a subcompetence that is relatively more stereotyped

strengthens the widening channel and weakens the reducing channel, a fact that aligns with the stereotype

threat prediction, which suggests that those more strongly associated with a domain are more intensively

affected.

Fifth, the analysis shows the existence of a ”mirroring effect” for gender: when female test-takers

encounter female characters, the widening effect is entirely offset, while the reduction channel remains

unaffected. In contrast, for SES gaps, the mirroring effect intensifies the widening channel. These findings

suggest that including female characters in gender-related items could mitigate widening effects, although

no parallel strategy currently exists for SES gaps.

Finally, I explore whether these results are driven by local differences in social norms, leveraging the

variation exhibited across municipalities in Brazil. To do so, I estimate an index at the municipality

level, built using responses from a companion questionnaire in the 2009 ENEM version, which asked

about self-perceived discrimination and opinions about targeted groups. The results indicate that these

differential performance patterns are not driven by differences in these indexes, suggesting that they are

more likely related to psychological mechanisms that may hold in other countries.
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Contributions. This paper contributes to three strands of literature. First, it builds on research

examining how priming, particularly in financial contexts, influences performance through cognitive load

(e.g., Lodder et al. (2019); Afridi et al. (2015); Hoff and Pandey (2014); Fryer et al. (2008); Vohs et al.

(2006)) by investigating how different groups respond to textual context in a high-stakes, real-world set-

ting. In line with this work, Duquennois (2022) finds that questions containing references to monetary

units in problem contexts are associated with a 1.2 percentage point increase in SES gaps in the TIMSS

exam,5 an international low-stakes standardized test. While her study uses manually tagged monetary

items, this paper employs a data-driven approach, finding a slightly smaller effect for the widening SES

gap (0.9 percentage points) in ENEM, a high-stakes exam. Additionally, Duquennois (2022) identifies

spillovers across four consecutive items, which she attributes to attention capture, where one item in-

fluences subsequent performance by drawing cognitive focus to a particular context. In contrast, the

ENEM effects are localized, suggesting that high-stakes incentives limit these spillovers. This distinction

highlights how context and test-taker incentives in different settings can shape performance outcomes.

More broadly, this method demonstrates the potential of test booklet text analysis to uncover perfor-

mance disparities across assessments. It could extend to hiring or certification exams, offering insights

into priming effects in other high-stakes settings and implications for equity and fairness in education,

workforce composition, and professional qualifications.6

Second, this paper contributes to the literature on stereotypes and their consequences in high-stakes

contexts. Extensive research has demonstrated how stereotypes shape real-world outcomes, such as high

school tracking recommendation by teachers (Carlana, 2019), college major decisions with different re-

turns (Zanella, 2021), hiring decisions by managers (Coffman et al., 2021), and promotions (Roussille,

2024) and letter of recommendations (Eberhardt et al., 2023). However, less is known about how stereo-

types affect test performance. A relevant but inconclusive body of work has explored the role of stereotype

threat in testing (Steele and Aronson, 1995; Schmader et al., 2015).7 However, this literature faces chal-

lenges related to underpowered samples and potential publication biases, which may affect the reliability

of findings (Priest et al., 2024; Shewach et al., 2019; Flore et al., 2018). This paper adds to this literature

by showing that stereotype threats can emerge even in real-world situations without social monitoring or

public exposure of individual performance, through the mechanism of self-stereotyping. In a lab experi-

ment, Coffman (2014) find that individuals are less willing to contribute ideas in domains stereotypically

outside their gender, driven by self-assessments rather than fear of discrimination. The present study’s

findings can also be interpreted through the lens of self-assessments, extending the evidence of these

effects to the educational testing setting. Moreover, this paper enhances understanding of where these

5Trends in International Mathematics and Science Study (TIMSS). More information in https://timssandpirls.bc.

edu/timss-landing.html
6Recently, the U.S. Department of Justice found that hiring tests used by the Maryland Department of

State Police and Durham’s Fire Department disproportionately disqualified female and non-white candidates,
reducing workforce diversity and undermining public safety. See more at https://www.justice.gov/opa/pr/

justice-department-secures-agreement-maryland-department-state-police-resolve-allegations and https://

www.justice.gov/opa/pr/justice-department-secures-agreement-durham-north-carolina-end-discriminatory-hiring.
7This phenomenon is not limited to cognitive domains, as it has also been documented in contexts such as sports (Beilock

and McConnell, 2004) and entrepreneurship (Zhang et al., 2023).
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disparities arise, showing how stereotype threat particularly affect test-takers with higher latent ability

(i.e., those more identified with the domain, as predicted by theory (Smith and White, 2001)). Ad-

ditionally, it provides evidence that some negative effects can be mitigated through a mirroring effect:

gender-related widening effects are reduced when items feature a female character, while they increase

when items remind low-SES individuals of their identity.

Finally, this paper contributes to the growing literature on how to design neutral testing conditions in

terms of performance disparities. Research in this area is divided between studies conducted in low-stakes

settings—such as global academic tests like PISA and TIMSS—and those in high-stakes environments,

where the stakes themselves can exacerbate disparities. High-stakes contexts often magnify inequalities

due to differences in stress management, effort, and preparation. For example, Cai et al. (2019) show

that gender gaps widen when comparing mock versus actual Gaokao exams, the Chinese entry exam

for college, while Attali et al. (2018) find larger gender and ethnic gaps in the high-stakes GRE exam

compared to voluntary practice tests, attributing this to differences in effort. In the Brazilian context,

Reyes et al. (2023) explore how varying stakes in the ENEM exam affect performance gaps, while Ofek-

Shanny (2024) emphasize the sensitivity of performance gaps to stakes more broadly. In turn, Landaud

et al. (2024) suggests that seemingly random changes in high-stakes situations can lead to long-lasting

consequences, as shown by Norwegian students who, when randomly assigned to subjects in which they

excel, attend better college programs and earn higher wages. Among studies conducted in low-stakes

settings (Duquennois, 2022; Griselda, 2022; Brown et al., 2022; Cai et al., 2019; Baldiga, 2014; Muskens

et al., 2024; Ofek-Shanny, 2024; Anaya et al., 2022), this paper extends the discussion by showing the

importance of textual context and the need for neutral test design, an often overlooked factor in generating

disparities. In relation to studies in high-stakes settings (Cohen et al., 2023; Attali et al., 2018; Goodman

et al., 2020; Cai et al., 2019; Ebenstein et al., 2016; Coffman and Klinowski, 2020; Franco and Povea,

2024), this paper broadens the scope by demonstrating that disparities also emerge outside mathematics,

offering the first evidence of question-by-question variation rather than focusing on overall score effects.

The structure of the paper is as follows: Section 2 provides an overview of the Brazilian context and

the ENEM admission test. Section 3 outlines the dataset and sample selection. Section 4 details the

empirical strategy for generating and testing the hypotheses. Section 5 presents the findings and explores

heterogeneity. Finally, Section 7 offers concluding remarks.

2 Background

Brazil has several features that make it an ideal setting for this analysis. It is home to 203 million people,

with a real GDP per capita of USD 8,802 in 2022, and is a large federal country with 26 states and over

5,500 municipalities. Economic, social, ethnic, and geographic disparities are significant, with important

inter-generational consequences (Pinotti et al., 2022). As highlighted by the most recent Wold Bank

country report, despite Brazil’s diversity, systemic ethnic and gender discrimination limit opportunities

for many, perpetuating intergenerational poverty. In addition, Afro-Brazilians and Indigenous Peoples

face reduced access to quality education and healthcare compared to whites, while women encounter
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substantial job discrimination, limiting their earning potential. Rural areas suffer from pervasive inequal-

ities in accessing public services, hampering investments in human capital. Although there have been

improvements in youth literacy, healthcare, and essential services, the wealthiest 1% of Brazilians own

32.2% of the nation’s wealth, and a Gini coefficient of 0.518 highlights Brazil’s position as one of the most

unequal countries globally (World Bank, 2024).

2.1 Brazilian ENEM: a high-stakes setting

Established in 1998, the National High School Examination (ENEM) initially functioned as an assessment

tool for the certification of high school completion. However, starting in 2009, it was expanded to also

serve as the primary examination for admission into higher education institutions.8 Figure A1 shows the

share of enrollees in public universities that were admitted by the ENEM exam yearly. This means that

every year the test serves a dual purpose: on the one hand, test takers of various ages who want to apply

and pursue degrees in top public universities that participate in the centralized admission system, or in

other universities that consider ENEM scores, and on the other hand, high school graduates who want

to certify their degree.

Public universities in Brazil are analogous to flagship state universities in the United States, often

being the most prestigious, elite, and selective institutions within their respective states. These univer-

sities are tuition-free and generally offer higher quality education than most private institutions, making

them highly attractive to top-performing students from both low- and high-socioeconomic status (SES).

The ENEM admission test is massive, being the second largest in the world after China’s National

Higher Education Entrance Examination (Gaokao). While the number of test-takers varies each year, a

relatively stable share of senior high school students take the test. Figure A2 shows the share of senior

high school students who participate each year in relation to the total number of test-takers. The total

number of test-takers fluctuates significantly year by year, always remaining above 4 million, while the

number of senior-high school test-takers remains stable at around 500,000 annually.

When test takers receive their scores, they apply to post-secondary programs, most of which are

college degrees at both private and public institutions. To apply to the 23 most prestigious tuition-free

universities, which depend on federal and national government funding, they must participate in the

centralized clearinghouse system called SISU, as described in Machado and Szerman (2021). The only

input considered by this system is the results in the subjects of the ENEM test. Students’ priority

scores are calculated using a weighted average of their test scores and degree-specific weights for each

of the ENEM components. The clearinghouse system operates based on a deferral algorithm, ensuring

that all students above the cut-off compete with the same probability, leaving no room for discretion in

slot allocation that might benefit certain applicants. Because of the tuition-free policy, along with the

selectivity and quality of the programs, college degrees from these institutions offer high private returns

8This change involved modifications to both the content and length of the exam. The Ministry of Education designated
ENEM as the entry exam for public universities, and these universities adopted it gradually and voluntarily. Reyes et al.
(2023) and Machado and Szerman (2021) describe the implementation phase. Although some universities chose not to
participate in the centralized admission system, they still considered ENEM scores in their independent entry assessments.
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(Binelli and Menezes-Filho, 2019; Duryea et al., 2023).

The level of competition in the application system is high. For instance, in 2016, over 9 million

individuals registered to take the ENEM, around 3.5 million submitted preferences through SISU, but

only 150,000 were offered a place (Otero et al., 2021).

Students applying to non-tuition-free public universities still face a high-stakes test, as most other

institutions consider the ENEM results in their assessments. Additionally, the ENEM results are used to

rank applicants for financial aid programs to finance private tuition fees, such as the University for All

Program (ProUni) and the Student Financing Fund (FIES).

ENEM is a test where significant inequalities emerge, particularly in the upper end of the performance

distribution. As shown in Figure A3, in the top percentiles, the share of women, low-SES individuals, and

non-whites is far below their representation in the overall test-taker population. While females are 57%

of the test-takers, they fall to 40% among top performers. Similarly, non-white test-takers, who comprise

56% of the sample, drop to 30% in the top performers, and low-SES individuals, representing 27% of the

sample, fall to less than 5% in the top performance percentile. This distortion is highly consequential,

as it is precisely in these top percentiles where surpassing the cutoff is necessary for admission to more

competitive college programs. Such disparities are well-documented in the literature, with several studies

highlighting how unequal representation at the higher end of test performance can reinforce broader

social inequalities in contexts like the SAT or ACT (Bordalo et al., 2016; Hyde et al., 2008; Freedle,

2003). Moreover, understanding the roots of these gaps—where they emerge, what drives them, and why

they persist—is essential for creating informed interventions. Table A1 shows summary statistics in terms

of gaps in standardized deviation points, across different settings, suggesting that they are transversely

present for these three dimensions in developing countries such as Chile, Colombia, and Brazil as well.

The SES gap is a consistent finding, while the gender gap varies by country, with nations such as China,

Finland, Greece, and Spain where girls on average outperform boys. Addressing these disparities and

understanding their origins is critical for ensuring equitable access to higher education opportunities.

2.2 ENEM Features

The ENEM test is performed in two days, each day covering two subjects. From 2010 to 2016 the schedule

was Social Sciences and Natural Sciences during the first day, and Language and Math in the second.

This switches in 2017 to be Language and Social Sciences in the first day. Apart from this, the design of

the booklets are similar since 2010.

The ENEM covers four subjects: language, mathematics, social sciences, and natural sciences, plus

a handwritten short 30-lines essay on a proposed topic equal for all test-takers. The tests are graded

from 0 to 1000 using Item Response Theory (IRT) to determine the final score, and the marking of the

multiple-choice part is entirely automated, without human interference.9 For each subject, individuals

receive a randomly assigned booklet from four daily available options. These booklets contain the same

9The grading model is based on a 3PL model, where the three parameters—guessing, discrimination, and difficulty—are
calibrated out-of-sample through a pilot. All parameters are freely available for each question, allowing the θ individual
parameter for latent ability to be estimated. Section A.6 describes the grading model.
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set of questions, but the order varies. All test-takers face the same items; only the sequence changes.

There are no penalties for incorrect answers, so the incentive is to avoid leaving any questions unan-

swered.10 Importantly, this test does not include adaptive sections based on previous performance in

specific sections, unlike, for instance, the GRE.

Each subject has 45 questions, totaling 180 questions. The test is administered over two days: the first

day spans 4.5 hours, and the second day spans 5.5 hours (the extra time is due to the handwritten essay).

On average, each question is expected to be answered in 3 minutes. The exam takes place at the end of

the academic year, in December, and its scores are only valid for that specific application process. To

take the test, a fee of around USD 20 is required, but students from public schools and poorer households

receive a waiver. The booklets include space for calculations, and only the final marked alternative is

graded.

Each item in the ENEM belongs to repository of items proposed by experts and piloted in represen-

tative samples. The goals of each questions are clearly and publicly ordered by the Matrix of Reference.

This is a document that defines the categories of competences. 11 Each subject encompasses 6 to 9 areas

that distribute 30 specific competences, which are targeted by the test items. The public data includes

the code for each of the specific competences attributed to each item by the designers.

Questions in the ENEM exam follow a common structure: first, a heading, then an assignment, and

finally, five alternatives to choose from (labeled from a to e). The heading usually includes the context

of the question and a description, but sometimes it can be just an image or a graph. Assignments are

typically short and direct, precisely describing what is being asked. Individuals need to gather information

from the heading to complete the task and then choose the correct alternative from the provided options.

The alternatives are displayed in the same order regardless of the booklet. As expected, some options

are included to distract the applicant. The average length of the heading and assignment is 103 words.

There is no optimal strategy for tackling these problems, but one potential approach is to skip the heading

initially, start with the assignment, and then refer back to the heading strategically to minimize time.12

Regardless of the booklet, the order of the alternatives remains the same. Figure A4 shows examples of

these questions, illustrating the variation in topics as well as differences in item length, the use of resources

such as character mentions, and references to real-world units like money. While Figure A5 presents the

word cloud for each subject, illustrating not only the breadth of content but also how subjects overlap

despite their distinct domains. In this context, subjects are not isolated silos; for instance, topics like

technology can appear across different subjects. This overlap provides a unique opportunity to test how

content influences performance independently of the subject domain.

10This incentive is effective: less than 0.2% of the answers are left blank.
11In Section A.5 there is a description of the content they seek to measure by type.
12Note, however, that this procedure might require special meta-cognitive abilities that may differ across demographic

groups.
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3 Data

My data spans 13 years, from 2010 to 2022.13 It is composed of three datasets. The first one is the

dataset that includes individual performance in all the items and individual level characteristics such

as age, type of high-school, gender, income, ethnic self-identification, among other. Year by year, these

files include the information of all test-takers enrolled to perform the test, with the specific string of

responses they provided for each of the 180 items that they faced in each of the booklets assigned. 14

Importantly this data set does not include an ID for each item, but it includes the correlational sequence

in which the booklet was responded.15 It also includes the IRT score in each of the four subject and the

information about the assessment in the essay section. The second data set is the one that includes the

information about each of the items, where the solution key is provided, the ID for each item, the subject

to which the item belongs, the competence to which the item belongs based on the reference matrix and

the parameters a, b, c necessary to identify the characteristic curve of each item.16 Finally, the third data

set is based on scrapped text from the booklets, from where I distinguish three elements: the heading,

the assignment and the alternatives. 17 I also labeled items that included figures or graphs and tables.

3.1 Sample Selection

I center my analysis on three key dimensions, chosen for their relevance and based on existing literature,

which demonstrates that these dimensions are particularly susceptible to disparities in standardized

tests.18 These dimensions are defined dichotomously across gender, socioeconomic status (SES), and

self-reported ethnicity. Gender is coded 1 if the test-taker is female, low SES is coded 1 if the individual

reports to earn less than 1 minimum wage, and the ethnicity+ variable is coded 1 if the test-taker identifies

either pardo (mestizo) or preta (black). In my dataset, 57% of respondents are women, 28% are classified

as low-SES, and 55% self-identify as pardo (mestizo) or preta (black). However, since SES and ethnic gaps

are highly correlated (as shown in Figure A6), suggesting that they may capture different aspects of the

same underlying disadvantage, I concentrate on gaps observed across race, conditional on being low-SES.

Within this subset, 26% still identify as white. This approach allows me to isolate textual triggers that

specifically contribute to ethnicity gaps, adding an extra layer of insight into disparities within an already

13While the ENEM is available as entrance exam since 2009, I preferred to not consider this year for two reasons: first, as
depicted in Figure A1, the share of admitted test takers by the ENEM in public universities was small, and second, because
after an attempt of fraud, the test had to be postponed for 2 months with a high non-attendance rate of 40.6%.

14All of the information is freely available at: https://www.gov.br/inep/pt-br/acesso-a-informacao/dados-abertos/
microdados/enem. Unfortunately with the information available in the public access dataset, it is not possible to identify
individual across different years, so I am not able to identify test repeaters.

15This information does not include a good classifier for rural status, so based on the municipality that is imputed to the
high-school I create a variable of rurality based on the Census information by IBGE.

16Figure A22 shows a general example of the characteristic curve. These parameters are also helpful to identify which
items do not meet the convergence to the characteristic curve, and therefore where considered anomalous. The inclusion of
these items might generate biases in my estimations

17As all booklets show the same set of items, but in different order, to identify which item is matched with its specific
text, it is only necessary to scrape one booklet. I proceed systematically always with the order of the blue one for each year.

18In Figure A3 There is a clear indication of how harmful inequalities in these dimensions of interest are mainly in the
top percentiles, those who are most likely to be admitted to quality public and free universities.
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underprivileged group.

To focus the sample on individuals in high-stakes situations, I impose several restrictions. First, I

retain only high school seniors, ensuring that I compare individuals from the same cohort, which mitigates

self-selection issues related to older test-takers and controls for variations in curriculum structure. Second,

I include only those who followed the traditional academic track, excluding those in alternative tracks

designed for special needs or adult education. Third, I exclude individuals who either failed to attend

one of the test days or did not submit their handwritten essay. Missing one part of the test renders the

application process incomplete, and such absences may reflect private information about performance

that should not be factored in.19 Additionally, I exclude booklets assigned to test-takers with special

accommodations (e.g., larger font sizes) to maintain comparability.

This is a highly selective sample, justified by the goal of measuring the impact of contextual cues

within high-stakes contexts. Students who aspire to attend a high-quality public university in Brazil

and who completed all parts of the test may not be fully representative of their broader demographic

group, likely reflecting a more resilient subset. It’s also important to note that I do not have access to

any pre-existing ability measures, such as performance in other standardized tests or high school grades,

which limits my ability to control for prior academic ability outside of ENEM performance.

4 Empirical Strategy

This section details the empirical strategy employed in this study. First, I describe the dataset and the

criteria for sample selection, which includes cohorts from 2010 to 2022 and individuals in high-stakes

testing situations covering around 3.8 million individuals. The empirical approach unfolds in three steps.

In the first step, I estimate item-specific performance gaps across gender, socioeconomic status (SES),

and (conditional) ethnicity for all individuals in the selected sample. Next, I map these estimated gaps

to textual characteristics of the test items, utilizing vectorized text analysis to generate hypotheses about

the factors driving the observed disparities. Finally, in the third step, I test these hypotheses using a

random sample of 10,000 individuals per year, analyzing the 180 items they encountered and exploring

both the widening and reducing effects on performance gaps.

4.1 Item-by-item gaps as an input for hypotheses generation

To generate testable hypotheses about the drivers of performance gaps from individual item-level data, it

is essential to aggregate the information to capture differences across dimensions. My approach involves

several steps, which I outline below. The key idea is to map the item-by-item estimated gaps—measured

as the difference from a reference group—onto objective features and vectorized text. This allows for

the identification of factors with the greatest predictive power in explaining the gaps, both widening

and reducing them. The top predictors associated with textual content are then translated into testable

hypotheses, which are subsequently tested at the individual item level by tagging those items that exhibit

19This is also important because, as highlighted in Reyes et al. (2023), some high school seniors take the test without
intending to apply to college.
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the characteristics described in each hypothesis. Finally, the use of individual-level data enables the

exploration of various sources of heterogeneity, which may help disentangle the underlying mechanisms

driving these performance gaps.

4.1.1 Measuring item-by-item gaps

To measure the performance gaps across different demographic dimensions, I estimate item-specific gaps

using the following regression model:

Correctqi = αq,r
0 + αq,r

1 ·Dr
i + τb + ϵi (1)

where Correctqi represents the performance outcome for individual i, i = (1, . . . , N) on item q, q =

(1, . . . , Q), being 1 if the test-taker had the answer correct, and zero otherwise. 20 The coefficient

αq,r
1 captures the effect of being in the category of interest for the demographic characteristic r ∈

{Gender, SES, Ethnicity} on the performance for question q only. The term τb controls for the ran-

domly assigned test booklet d ∈ {red, yellow, blue, purple}, which display the same set of questions but

in different order, ensuring that any systematic variation due to booklet allocation is accounted for. This

approach allows me to estimate item-by-item gaps, where α̂q,r
1 represents the specific performance gap

for each dimension r across individual test items.

Then I merge these gaps with item’s characteristics that likely might explain groups disparities such

as: readability21, length of the text measured as number of words, the use of figures, tables, the sentiment

score22 each item generates and if the text is grounded or not.23 In my setting, these features are not

considered contextual text factors as they are not expected to differentially affect specific groups based

on the cues they evoke.

Table A11 presents the distribution of these topics by subject while Table A2 presents a summary

statistics table showing how these characteristics vary by subject.24 Importantly, when regressing the

gaps estimated using this method with yearly fixed effects, there are no significant yearly trends, as shown

in Figure A7. This indicates test designers may not be systematically adjusting question pools to reduce

these gaps, a key factor that supports the validity of my identification strategy.

20This implies that missing and double marked responses are coded as incorrect. The presence of these two possibilities is
quite low in my sample, not exceeding 0.5%. The disadvantage of this is that it does not allow studying differences in effort
or guessing through variations in this outcome.

21I estimate the a readability index based on the composition of four indexes using Anderson (2008) method: Flesch-
Kincaid, Gunning fog, Automated Readability Index and Coleman-Liau. The measures have been manipulated so a greater
value means a greater ease of reading. The calibration of the indexes from English to Portuguese has been done using
Carvalho de Lima Moreno et al. (2022).

22The sentiment score has been estimated using the multilingual model BERT. It consider the probability of having a very
good sentiment.

23This is a dummy variable hand-coded by myself following the definition by Koedinger et al. (2008) where grounded
context are linked with real-world situations closer to test-takers experiences.

24There are 2,275 items available over the 13-year period. However, I focus my analysis on a subset of 2,201 items. I
exclude 74 items because they exhibit characteristics that could bias my estimates. Specifically, these items fall outside the
99th percentile in terms of the b parameter (difficulty), the proportion of individuals whose parents have a college education,
or because they failed to converge to the characteristic curve according to the IRT models.
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4.1.2 Text-based hypotheses generation

The next step in the analysis involves mapping the estimated performance gaps to specific item features

(e.g., sentiment score, number of words, presence of figures) and vectorized text data to identify the most

predictive words and topics using regularization regressions. The use of regularization regressions, such as

Ridge and Lasso, is particularly useful in this context as it allows me to identify the most relevant words

or topics from a high-dimensional space, which includes all the words appearing in all items. By imposing

a penalty on the size of the coefficients, these methods effectively shrink less important variables to zero,

allowing the model to focus on the collection of words and topics that have the greatest explanatory

power for predicting performance gaps. This approach helps reveal the key drivers of gap variation, both

in terms of widening and reducing effects, while avoiding overfitting to noise in the data.

Text Processing. I begin by processing the text using natural language processing (NLP) techniques

with SpaCy, specifically its Portuguese language model. This step includes lowercasing, tokenization,

lemmatization, stop-word removal, and TF-IDF vectorization25, ensuring that the text data is appropri-

ately formatted for further analysis. The total size of the text, after this processing is 130,215 words.

Regularization Regression. For the regression models, I apply two different approaches: the Bag-

of-Words model combined with Ridge regression and LDA (Latent Dirichlet Allocation) topic modeling

combined with Lasso regression. Ridge regression is particularly suitable for the Bag-of-Words approach

due to the high dimensionality of the data—each word is treated as a separate feature, leading to a large

number of predictors. Ridge regression’s ability to handle multicollinearity by imposing a penalty on

the size of the coefficients makes it ideal for this high-dimensional setting. In contrast, Lasso regression

is more appropriate for LDA topic modeling because it performs variable selection by shrinking some

coefficients to zero, which helps identify the most relevant topics in a more parsimonious model.26

Topic Modeling. The LDA topic modeling follows a data-driven approach, where the number of

topics is determined by optimizing the coherence score, a metric used to assess the interpretability of the

topics. Each topic represents a distribution of words, and each test item is characterized as a mixture of

topics. Topics are abstract constructs that group together words frequently appearing in similar contexts,

providing insights into the latent structure of the text. By identifying these word patterns, LDA allows me

to uncover latent topics that can explain part of the variation in performance gaps However, interpreting

these topics is notoriously difficult, as the meaning of a topic is often unclear and may not correspond to

an easily recognizable concept. This difficulty justifies the use of an alternative approach for interpreting

the regression outputs.

25TF-IDF (Term Frequency-Inverse Document Frequency) vectorization transforms text into numerical values by calcu-
lating the importance of each word within a document relative to a collection of documents. It assigns higher weights to
terms that are frequent in a document but rare across the corpus, enabling effective text analysis and feature extraction for
machine learning models.

26The advantage of using L2 (Ridge) over L1 (Lasso) models in this context is that Lasso models have a higher tendency
to shrink coefficients for words to zero, especially when compared to other features. This is problematic because the goal is
to identify the impact of specific words while controlling for other features, rather than excluding them entirely.
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Interpretation and Hypotheses Generation. To address the challenge of interpreting these

complex results that include words and distribution of words, I employ ChatGPT to mimic the role

of a research assistant. ChatGPT synthesizes the regression results, generating testable hypotheses by

combining both the top words from the Bag-of-Words model and the key topics identified through LDA.

This approach allows me to systematically identify hypotheses about which textual features are likely to

drive performance gaps in both directions (widening or reducing them). The exact prompt I provided to

GPT is described in Figure A8.

Machine learning (ML) techniques offer the potential to uncover patterns that might be overlooked

by human analysis (Ludwig and Mullainathan, 2024; Wang et al., 2023). However, the use of these tools

for discovery often comes at the expense of interpretability and clarity, as noted by Messeri and Crockett

(2024); Batista and Ross (2024). OpenAI’s GPT-4 plays a crucial role in addressing this challenge,

providing an efficient way to process text data and generate coherent hypotheses, as demonstrated in

recent studies (Charness et al., 2023; Batista and Ross, 2024). By leveraging GPT-4, I am able to

synthesize complex regression outputs and translate them into testable hypotheses in a way that balances

the advantages of ML with the need for interpretability, avoiding the typical trade-offs that arise when

using black-box models for exploratory research.

Flagging the Items. To support the testing of these hypotheses, I used an independent prompt

to ask GPT-4 to generate a list of keywords corresponding to each hypothesis after providing it with

the exact phrasing of each hypothesis .27 I then utilized these keyword lists to classify each test item

based on the occurrence of at least two keywords within the item, minimizing the risk of false positives.

The classification method ensures that all items are assigned to either a single category or none at all.

Questions exhibiting properties of both channels are classified as ’none.’ Consequently, for all analyses in

the third step, the reference group comprises questions classified as belonging to none of the categories.

Manual cross-checks of the tagged items suggest that the performance of this automated labeling process

is sufficiently accurate for the subsequent analysis.

4.2 Testing the Hypotheses within-individual performance

Having described the general relationship between performance gaps and question’s characteristics, the

next step is to examine how the patterns identified in the previous section affect individual performance

in a more causal way. As I previously described, the analysis of performance gaps was conducted using

all observations in each year that meet the inclusion criteria (i.e., individuals in high-stakes situations).

However, given that hundreds of thousands of test-takers take the ENEM each year and each test-taker

faces 180 items, the “curse of dimensionality” becomes a constraint, making it computationally infeasible

27For example, for the hypothesis related to widening the gender gap, the generated list includes terms like “transporta-
tion,” “technology,” “speed,” “theory,” “balance,” “volume,” and “produce,” among others. While these words may not fully
capture the contextual nuances and could also reflect domain-specific characteristics (such as motivation or ability in areas
where these words are more prevalent), the identified topics still emerge after controlling for competencies fixed effects an the
other non-contextual features. To address concerns that these topics may reflect domain differences rather than contextual
effects, I conduct heterogeneity analyses, demonstrating that the contextual channel remains relevant even in competencies
where gender gaps are smaller, suggesting that the impact of context extends beyond specific domain characteristics.
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to analyze the full dataset. Therefore, to proceed efficiently, I draw a random sample of 10,000 individuals

per year from those meeting the inclusion criteria, resulting in a total sample size of 130,000 individuals.28

This sample size is large enough to ensure sufficient statistical power to detect even small effect sizes.

Table A3 provides the summary statistics of the individuals sampled.

The identification strategy for estimating the effect of a question being labeled in a certain way on

performance relies on two main elements. First, it accounts for the individual’s expected performance in

questions pertaining to the same competency (e.g., graph interpretation or probability understanding),

one of the most granular level of differentiation that the data allows. Second, it includes Question fixed

effects that aim to account for all features, observable or unobservable, that might lead to changes in

the probability of getting the answer correct.29 Broader trends are controlled by regional and year fixed

effects.

The intuition behind this identification strategy is that by comparing an individual’s responses across

the 180 questions they encounter, we can isolate the effect of flagged questions by netting out their

average performance in each competency category (i.e.: very similar questions in terms of their goal) and

controlling for any differential effects associated with group characteristics and non-textual features. Test-

takers in different years face different numbers of tagged questions in different subjects, while within the

same year, individuals encounter the same tagged questions in varying orders due to randomly assigned

booklets. Neutral questions—those not flagged for widening or reducing gaps—serve as the baseline,

allowing clear comparisons to assess the effect of flagged items on each gap dimension.The model assumes

that, after controlling for the set of fixed effects any remaining differences in performance on these items

are attributable to the channels to which each question belongs to and not to unobserved factors.

The following is the main specification used for this analysis:

Correctiq = γr
1 · (Widenr

q ×Dr
i ) + γr

2 · (Reducerq ×Dr
i ) + ϕr

i + θrq,p + ηre + δry + εriq (2)

where Correctiq represents whether individual i correctly answered item q, and Widenr
q and Reducerq

are indicators for whether the flagged question is predicted to widen or reduce the performance gap in

a given dimension r, respectively. Dr
i is an indicator for whether the individual belongs to the group of

interest (e.g., low SES, female, or non-white for each of the three dimensions). In turn, ϕi represents

the Individual × Competence fixed effect, capturing the average expected performance of each individual

on non-flagged questions within the same competence category (e.g., graph interpretation or probability

understanding). And θrq,p represents the question’s fixed effect interacted with the position in which

appear, accounting for all properties, both observable and unobservable, that might lead to differences

28The seed for each year’s random draw was selected using www.random.org.
29In the robustness analyses, I include a slightly different approach that incorporates Individual × Subject fixed effects and

also considers a rich set of other fixed effects and interactions between non-textual features and individual characteristics.
These interactions help rule out alternative channels that might contribute to performance gaps, such as differences in
endurance (e.g., differential effects of question position on performance across groups), group-specific effects of competencies
(e.g., certain competencies might trigger higher gaps due to their average difficulty or associated stereotypes), or other
factors affecting specific groups, such as question length, sentiment scores, or quartile of difficulty fixed effects, with no
major changes.
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in the performance of a given question for each of the possible randomly assigned positions in which the

question appears in the booklet. Additionally, ηe and δy are fixed effects defined by the region where the

test-taker resides and the year in which the test was taken, respectively. Finally, εriq is the usual error

term, clustered at the individual level to account for within-individual correlation in responses.

The parameters of interest, γ1 and γ2, measure the differential impact of flagged questions on the

likelihood of correctly answering a question for the group of interest relative to the baseline group,

accounting for individual performance within the given competence. Specifically, γ1 represents the effect

of questions predicted to widen gaps, while γ2 represents the effect of questions predicted to reduce

gaps. Note that this approach assumes that there are gaps that cannot be closed at the level of the

competency (due to biological differences or differences in human capital investment), but that when a

question features a given property, it widens or reduces these gaps accordingly.

This approach effectively rules out a wide set of alternative channels, allowing for a credible iden-

tification of the effects associated with our hypotheses. By incorporating a rich set of fixed effects and

netting out the expected individual performance in each competence the approach ensures that the ob-

served effects are attributable to the hypothesized mechanisms rather than unobserved factors related to

the test-taker, item characteristics, or test administration. Furthermore, several robustness checks are

conducted to validate the findings and confirm the reliability of the results.

5 Results

5.1 Unexplained Variance and the Role of Contextual Effects

In this sub-section, I examine the performance gaps across SES, gender, and conditional ethnicity by

progressively incorporating various explanatory variables. This exploratory funnel approach begins by

documenting gaps across dimensions and subjects, and then narrows down to analyze how competencies,

IRT parameters, and non-contextual features contribute to explaining these gaps.

As shown in Table A4, when accounting for all regressors to explain the question-by-question gaps

variance using ANOVA, they explain 41% of the SES gap variance, 35% of the gender gap variance,

and 37% of the conditional ethnic gap variance. Gender gaps appear to be particularly sensitive to

competencies and non-contextual features, while SES and ethnic gaps are more influenced by the structure

of the test, with IRT parameters alone explaining 23.7% and 28.1% of these gaps, respectively while only

9.8% for gender.

Despite being informative, these factors cannot account for all the variation in the performance gaps,

suggesting that there is room for other factors, such as contextual elements, to drive the gaps.

5.1.1 Raw Gaps by Dimension and Subject

Across dimensions and subjects, there is significant variation in the distribution of raw gaps. Figure A9

presents the kernel density estimates for each of the three dimensions by subject. Consistent with previous

literature, low-SES students underperform overall, though some questions show them outperforming
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others, with similar patterns observed for ethnic minorities. Female test-takers lag behind their male

peers in all subjects except language, where the gaps are slightly negative and centered around zero.

On average, SES gaps are 6.8 percentage points, gender gaps are 3.2 percentage points, and conditional

ethnic gaps —evaluating the effect of being non-white within the low-SES population— are 1.7 percentage

points. As a benchmark, note that this test is challenging, with students having an average likelihood of

only 32% of correctly answering any question.

For the gender gap, the distribution in language is centered around zero, showing no substantial bias.

However, in social sciences, natural sciences, and math, males tend to outperform females, with the skew

particularly strong in social sciences. This may be due to the presence of more abstract or technical

questions in social sciences, as indicated by the reference matrix.

For SES gaps, the left-skewed distribution indicates that low-SES test-takers generally underperform

compared to their higher-SES peers. However, in 11% of items, particularly in language (31%), low-SES

students outperform others. The variation across subjects suggests that accessibility to content may differ

due to factors like exposure or cultural capital, but there is still something to discover about the specific

characteristics of the questions where low-SES students outperform.

For conditional ethnic gaps, the distribution is narrower, reflecting the influence of SES. However,

disparities persist, especially in social sciences and math, suggesting that ethnic differences may be driven

by cultural relevance or representation in test content, even after controlling for SES.

5.1.2 Competencies Fixed Effects and Raw Gaps

The next layer of analysis examines the extent to which performance gaps can be explained by the

competence to which each question belongs. Questions are categorized into a single competence based

on the criteria set by the test designers that reflect specific aspects or ability the question is intended to

measure.

Figure 1 shows how each competence fixed effect impacts gender gaps (blue triangles), socioeconomic

gaps (red crosses), and conditional ethnic gaps (green dots) across a wide range of competences in Social

Science (SC), Natural Science (NS), Language (LG), and Math (MT). Competencies fixed effects alone

account for 24% of the gender gap, 11% of the SES gap variance, and 7.5% of the conditional ethnic gap

variance.

Gender gaps (blue triangles) are more sensitive to certain competencies. For instance, in Social

Sciences, “Society-Environment” contributes the most, widening the gap by around 5 percentage points,

followed by “Geographic Transformation.” In Natural Sciences, “Science Development” and “Physics”

have the largest impact, and in Math, ”Graph Interpretation” contributes significantly. This pattern may

reflect the susceptibility of societal stereotypes on gender performance.

For SES gaps (red crosses), the effect of competencies varies, but wide confidence intervals suggest

significant heterogeneity within competencies. This could indicate that SES gaps are more influenced by

question-specific characteristics, such as difficulty or discrimination, than by cross-competence differences.

Conditional ethnic gaps (green dots) cluster near zero, with most not statistically significant, suggest-
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Note: This figure displays the estimated coefficients for each competence fixed effect when regressing the gender, socioeconomic, and
conditional ethnic performance gaps. Not other co-factor is considered. The reference category for the estimated gaps is Language,
Information Technologies, with all gaps calculated relative to this baseline. Competences widening a gap have a negative sign. As a
benchmark, on average, the gender performance gap is -3.1 percentage points, the SES gap is -6.6 percentage points, and the conditional
ethnic gap is -1.6 percentage points. These estimates follow equation 1, and a detailed description of each competence and its topics is
provided in section A.5.Competences alone explain 24% of the variance in the gender gap, 11% of the variance in the SES gap, and 8%
of the variance in the conditional ethnicity gaps, as measured by R2. Confidence intervals are estimated at the 99% level.

Figure 1: Performance Gaps by groups in each specific competence domain

ing that ethnic disparities are not primarily driven by differences in competence content.

5.1.3 IRT Parameters and Non-Contextual Features explaining Raw Gaps

Proceeding with the funnel approach, I now examine the extent to which IRT parameters (e.g., item

difficulty and discrimination) and non-contextual features (e.g., readability, number of words) contribute

to explaining the gaps, conditional on competencies fixed effects. These measures are estimated directly

from the text and focus on how the item is presented and how demanding it is to process. IRT parameters

capture inherent design factors like difficulty and discrimination, while non-contextual features serve as

proxies for engagement (e.g., longer text or sentiment score) and effort (e.g., tables, figures, readability).

Figure A10 shows the effects over the gaps of standardized coefficients for these features. While

most non-contextual features have little impact and wide confidence intervals, IRT parameters are more

explanatory. The discrimination parameter, which measures how well an item distinguishes between

high- and low-ability students, widens both SES and gender gaps. In contrast, the difficulty parameter

reduces gaps, particularly for SES, suggesting that harder items suppress group differences. This may

reflect content mastery deficiencies among certain groups, likely due to differences in the quality of sec-
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ondary education. These findings suggest that test structure—captured by IRT parameters—significantly

influences SES and ethnic disparities, while gender gaps are less affected.

Finally, as seen in Table A4, IRT parameters and non-contextual features explain the gaps differently

across dimensions, but a substantial portion of the variance remains unexplained, leaving significant

room for other factors. They account for 23.72% of the SES gap and 28.1% of the conditional ethnic

gap, indicating that test structure plays a significant role in these areas. However, they provide limited

insight into the gender gap (9.8%), suggesting that gender disparities may arise from different underlying

factors than those driving SES and ethnic gaps.

5.2 Textual Predictors of the Gaps and Hypotheses generated

5.2.1 Top predicting Words alone

Figure A11 presents the most predictive words for each of the three gaps. For the SES gap, a suggestive

pattern emerges, with words like “price,” “land”, “product,” “urban,” and “consumption” contributing

to wider gaps. The effect sizes for these words range between 0.5 and 0.7 percentage points. On the

other hand, items that focus on practical, everyday scenarios, physical sciences, and historical or political

content (e.g., “work,” “acid,” “political”) tend to reduce the gap. As shown in Figure A12, the model

exhibits a reasonably good fit for the SES gap.

For the gender gap, items emphasizing language and reading comprehension, emotional and social

contexts, as well as cultural or creative topics (e.g., “text,” “family,” “music”) are associated with a

widening of the gap. In contrast, items related to STEM subjects, quantitative reasoning, abstract

analytical contexts, and physical geography (e.g., ”energy,” ”rate,” ”graph”) are likely to reduce the gap.

The model for gender gaps also shows a decent fit, although it is slightly weaker compared to the SES

model.

For the conditional ethnic gap, questions involving political, social, and cultural contexts, as well as

scientific and technical topics, seem to reduce the gap (e.g., “political,” “cultural,” “mass”). Conversely,

items focused on physical and biological sciences, urban environments, socioeconomic issues, and text

interpretation (e.g., “cell,” “urban,” “text”) tend to widen the gap. Notably, the effect sizes for words

associated with this gap are an order of magnitude smaller than those observed for SES and gender gaps,

suggesting a more subtle relationship between textual content and ethnic disparities.

However, these results should be interpreted with caution. The regressions capture the average effect

of each word independently of the context in which it is used, and it is possible that the same word could

widen or reduce the gap depending on the context. For example, a reference to a “price discount” might

have a positive effect, while a mention of a “price” that feels unreachable for the test-taker could have a

negative impact.

19



5.2.2 Top predicting topics

The next step is to explore the extent to which the occurrence and co-occurrence of words, grouped as

topics or clusters, affect the observed gaps. As explained in the methodology section, the most appropriate

and natural way to proceed is by using Hierarchical LDA (Latent Dirichlet Allocation) for topic modeling.

This allows the algorithm to define the number of topics in a data-driven way by maximizing the coherence

score, a common metric to guide these algorithms.

Figure A14 shows the coherence score for different numbers of topics, with the maximum coherence

achieved at 66 topics.The coherence score is a commonly used metric to evaluate how interpretable or

meaningful the topics are. A higher coherence score indicates that the topics are more semantically

coherent and easier to interpret. It helps guide the selection of the optimal number of topics for the

model. It is important to note that the topic clusters are not directly related to the estimated gaps, but

rather reflect the distribution of words that tend to occur together.

I then proceed by running an L1-regularization (LASSO) model that includes all item features, com-

petence fixed effects, and the 66 generated topics to predict the gaps. The advantage of using L1 regular-

ization is that it shrinks irrelevant information to zero, highlighting the explanatory power of the selected

factors. This approach allows me to identify the top topics that explain the variation in the gaps, both

widening and reducing them.

Tables A8, A9 and A10 provide the coefficients for each of the topics and other elements for SES,

Gender and Ethnicity Dimension. It can be observed that LASSO is capturing competencies fixed effects

as well as several non-contextual features, aligning with the evidence presented in the previous section.

Additionally, certain topics—derived solely from the distribution of text and independent of the perfor-

mance gaps—emerge as highly predictive in both directions across all dimensions. However, for instance,

simply knowing that Topics 24, 58, and 47 are associated with the widening of the gender gap does not

provide much interpretive insight. Figure 2 shows the vectorized distribution of words for each of these

topics along with their corresponding weights.

As shown, it is challenging to identify systematic patterns across these vectors to effectively charac-

terize the content of each topic. Additionally, since each question’s text is represented by a distribution

of topics, linking an item to a single dominant topic risks losing valuable information. Therefore, inde-

pendent assistance is required to synthesize these results and provide a meaningful explanation of how

the topics relate to the observed performance gaps.

5.2.3 Hypotheses generated

The final step is to document the output generated by ChatGPT when prompted to provide hypotheses

explaining the patterns behind the top 50 words from the Ridge model and the key topics and their

word composition from the Lasso model, analyzed channel by channel and dimension by dimension, in

relation to variations in performance gaps as described in section 4.1.2. The six hypotheses provided are

the following:
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Topic 24:



0.046× “this” + 0.040× “of” + 0.028× “wave” + 0.018× “month” + 0.016× “year”

+0.016× “are” + 0.016× “increase” + 0.014× “present” + 0.014× “brazil” + 0.013× “occur”

+0.012× “object” + 0.012× “represent” + 0.011× “departure” + 0.011× “large” + 0.011× “brazilian”

+0.010× “height” + 0.010× “period” + 0.010× “produce” + 0.010× “development” + 0.010× “national”

+0.010× “follow” + 0.010× “know” + 0.010× “region” + 0.009× “relationship” + 0.008× “country”

+0.007× “be” + 0.007× “length” + 0.007× “plane” + 0.007× “analyze” + 0.007× “power”


Topic 58:



0.069× “player” + 0.064× “transport” + 0.057× “game” + 0.054× “pass” + 0.026× “has”

+0.025× “result” + 0.022× “currently” + 0.020× “international” + 0.020× “greek” + 0.020× “relate”

+0.018× “are” + 0.017× “possibility” + 0.016× “technology” + 0.015× “activity” + 0.015× “good”

+0.014× “of” + 0.014× “sector” + 0.013× “form” + 0.013× “still” + 0.012× “part”

+0.012× “phenomenon” + 0.011× “social” + 0.010× “this” + 0.010× “born” + 0.009× “five”

+0.009× “measure” + 0.009× “contribute” + 0.009× “group” + 0.008× “build” + 0.008× “world”


Topic 47:



0.031× “mark” + 0.027× “each” + 0.017× “km” + 0.016× “this” + 0.014× “of”

+0.014× “sell” + 0.012× “disease” + 0.011× “present” + 0.011× “in” + 0.011× “must”

+0.010× “can” + 0.010× “test” + 0.010× “earth” + 0.010× “some” + 0.010× “water”

+0.010× “fuel” + 0.009× “fish” + 0.009× “total” + 0.008× “user” + 0.008× “define”

+0.008× “probability” + 0.008× “following” + 0.007× “wire” + 0.007× “radius” + 0.007× “large”

+0.007× “previous” + 0.007× “graph” + 0.007× “environment” + 0.006× “trash” + 0.006× “future”


Note: This figure illustrates the composition of the three topics most predictive of the gender gap widening, topic 24, 58, and 47,
as identified by the LASSO estimations. Each topic is a weighted combination of words clustered by the LDA model, based on word
occurrence and co-occurrence in the same text. Words were translated using Deepl API. It is difficult to pinpoint the specific drivers
of the gender gap solely from the presence of individual words within a topic, and even more challenging when considering all topics
together. This complexity underscores the necessity of tools like ChatGPT to generate hypotheses and interpret the results effectively.

Figure 2: Top Words and Weights for Topics 24, 58, and 47

� SES Gap:

– Widening: Test questions focused on financial situations, business-related decision making,

and abstract economic concepts increase the SES gap (profit, capital, consumer, etc.).

– Reducing: Test questions that utilize real-world applications, familiar settings, or grounded

contexts reduce the SES performance gap (building, recycling, clothes).

� Gender Gap:

– Widening: Test questions involving environmental and physical science contexts, particularly

those utilizing complex abstract terminology (transformation, combustion, transportation).

– Reducing: Test questions involving familiar cultural and artistic contexts, creative and social

interactions themes (daily, cohabitation, socialization).
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� Ethnic Gap:

– Widening: Test questions involving abstract social phenomena, legal concepts, and technical

terminologies increase the conditional ethnic gap (judge, republic, citizenship).

– Reducing: Test questions focused on historical, political, and cultural contexts reduce the

conditional ethnic gap (cultural diversity, samba, folclore).

Although these hypotheses were generated through a data-driven process, they reveal plausible chan-

nels explaining disparities and are strongly supported by existing evidence. Section A.4 provides a

summary of this supporting literature, demonstrating that the proposed channels are grounded in well-

documented theories and findings. Notably, stereotype threat appears to be a common underlying driver

across all channels, suggesting that the presence of stereotype-related cues consistently influences perfor-

mance disparities in each dimension.

In response to potential concerns about the reliability of hypotheses generated by ChatGPT, I con-

ducted placebo checks to ensure robustness. Specifically, I provided ChatGPT with prompts containing

topics that proved insignificant and irrelevant words to verify that it does not artificially align patterns

with established hypotheses in the literature. These checks confirm that ChatGPT’s output is aligned

with the data-driven findings and not merely influenced by existing theories.

After completing the tagging process, a total of 1,098 items were categorized across the six defined

categories. However, there is some overlap, with 40% of the items being labeled in two or more categories.

Table A11 presents the distribution of items by tag. While the majority of items align with theoretical

expectations—such as widening gender gaps in science and mathematics—a significant portion also ap-

pears in other areas. Additionally, Table A12 illustrates how item features predict their labeling. It is

observed that these flagged items tend to be lengthier and exhibit worse readability. However, this trend

does not differ between items predicting a widening gap and those predicting a reduction. Importantly,

there are no statistically significant relationships with the IRT parameters. When such relationships

exist, they are associated with less difficult items (p.B). This suggest that these items are not harder and

with a similar discriminatory capacity.

These hypotheses are testable using panel data, which also allows for the observation of potential

spillover effects. Furthermore, they are broad enough to identify flagged items across various competencies

and subjects, enabling general claims that are not confined to specific domains.

5.3 Cueing and within individual performance

In this section, I describe the results of the final step of the analysis, where the hypotheses are tested on

the individual-level random sample, considering the complete set of 180 questions that participants faced.

To determine whether specific items exhibit the properties described in each hypothesis, I employed a

keyword-based tagging approach to classify the items accordingly. This method allows for a systematic

identification of items that align with the hypothesized characteristics, ensuring a rigorous testing of the

relationships between item content and the performance gaps.
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5.3.1 Hypotheses testing overall population

Table 1 presents the results from estimating equation 2. Each column displays the estimates of the factors

influencing the probability of correctly answering an item (coded as 0/100), including the interaction terms

for each of the proposed hypotheses.

Table 1: Hypotheses and their impact on Performance (p.p)

SES Gap Gender Gap Ethnic Gap
Correct Correct Correct
(0/100) (0/100) (0/100)

Widening × Dummy -0.942∗∗∗ 0.398∗∗∗ -0.053
(0.095) (0.065) (0.062)

Reducing × Dummy 1.014∗∗∗ 0.356∗∗∗ 0.052
(0.064) (0.061) (0.127)

Mean Gap -6.141 -3.583 -4.192

Indiv X Competency FE Yes Yes Yes
Question FE Yes Yes Yes
Year X Dummy FE Yes Yes Yes
Region X Dummy FE Yes Yes Yes

Obs. 21,996,967 21,996,967 21,996,967
Indiv. 129,972 129,972 129,972
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results for the relevant coefficients when regressing equation 2. The assumption of this model is
the counterfactual is the individual expected performance in a non-flagged question in the given competence area. Each dimen-
sion—socioeconomic status (SES), gender, and ethnicity—is tested independently using the same set of observations. The dependent
variable is whether the test-taker answered the specific question correctly. The variables Widening and Reducing are dummies set to
1 if the question corresponds to the widening or reducing channel for a given dimension. The variable Dimension is a dummy set to
1 if the test-taker belongs to a disadvantaged group—low-SES, female, or non-white—depending on the specification. Mean gaps are
provided as benchmarks, estimated using the same specification but without Individual Ö Subject fixed effects. Standard errors are
clustered at the Individual × competence level and are reported in parentheses.

Before interpreting the results related to flagged items, it is worth noting the average gaps for non-

labeled items, which serve as a baseline in this analysis. For non-labeled items, the conditional mean SES

gap is 6.1 percentage points, the gender gap is 3.6 percentage points, and the ethnic gap is 4.2 percentage

points. These baseline gaps highlight the disparities observed in the data even in the absence of specific

flagged characteristics.

In the case of the SES gap, Table 1, column (1) shows that the presence of a question in the widening

channel, flagged as containing financial terms, increases the gap by 0.9 percentage points. This represents

a 15.3% increase relative to the average SES gap of 6.1 percentage points, providing strong support for

the hypothesis that abstract financial and business-related terms disadvantage lower-SES test-takers.

Conversely, items that involve real-world, practical contexts, as outlined for the reducing channel in SES

dimension, help decrease the SES gap by 1 percentage point (16% of the conditional mean SES gap).

This result suggests that test items grounded in everyday scenarios can mitigate disparities.

For the gender gap, column (2) shows that the widening effect for the entire population is not statis-

tically supported by the testing procedure. Thus, abstract scientific and technical terms do not appear
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to trigger larger gender gaps when considering all test-takers. However, items associated with reducing

the gender gap, such as those focused on practical or social contexts, show a reduction of 0.3 percentage

points (11% of the conditional mean gender gap).

Regarding the ethnic gap, column (3), both the widening and reducing channels show small and

non-statistically significant effect sizes, suggesting that the proposed hypotheses are not key drivers of

disparities for this group.

5.3.2 Hypotheses by ability quartile

As the consequences of these disparities vary across ability quartiles—particularly because test-takers

must exceed the selective cut-off of their desired program through the SISU clearinghouse system—the

next analysis proposes splitting the sample into four quartiles based on ability. Historical data on previous

cut-offs indicate that even the least demanding programs (those around the 10th percentile of cut-offs)

align with scores at the upper limit of the fourth quartile. This reflects the high level of competition,

where test-takers in the top quartile must meet or exceed these cut-offs. Within each quartile, I compare

individuals with similar abilities to estimate the effects of the proposed hypotheses.

Ability is estimated using the IRT (Item Response Theory) grading model, the θ parameter, which

represents the latent trait explaining the pattern of responses across item characteristic curves. This is

a value that is provided with the dataset as it is easily identified from the score in each subject. The

intuition behind this model is that if a test-taker answers only the easier items correctly, but also answers

some very difficult items correctly without performing consistently in the intermediate range, there is a

high likelihood that these correct responses were due to guessing. Based on the calibrated parameters

for each item—calibrations conducted by the test designers in a pilot study outside the actual ENEM

application—an ability estimate can be performed for each test-taker in a given subject by observing their

responses to the 45 items they faced. An important feature of this ability estimate is that it is comparable

across years, even though test-takers face different sets of items with varying levels of difficulty. This

ability measure is independent of group composition or characteristics.

Table 2 presents the impact of interaction terms on performance across ability quartiles, from Q1

(Low Ability) to Q4 (High Ability). Each column corresponds to a different quartile, and the estimates

reflect the factors influencing the probability of correctly answering an item (in percentage points) for

various subgroups of test-takers.

The first aspect to highlight is the bottom panel, where performance gaps are most pronounced in the

fourth quartile. In the lower ability quartiles (Q1–Q3), the gaps are relatively small, suggesting a possible

”floor effect.” This effect likely arises because the items are too challenging for most test-takers in these

quartiles, leaving limited scope for performance disparities to emerge. In contrast, within the highest

ability quartile (Q4), gaps become more evident as test-takers’ abilities align with the item difficulty,

allowing disparities to surface more clearly. This aligns with the evidence shown in A15, where the

distribution of adjusted ability for all test-takers relative to question difficulty shows that, on average,

questions are more challenging than the general ability level, with a mean difference of approximately
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1.8 standard deviations. This pattern does not hold for individuals in the high-ability quartile, whose

abilities more closely match the question difficulty.

In terms of the hypothesized effects, Table 2 shows a clear gradient in widening effects across all

dimensions with increasing test-taker ability. Regardless of dimension, widening effects intensify with

the quartile of ability. For example, the SES gap widens substantially among high-ability, low-income

students by 0.8 percentage points (25% of the within-quartile SES gap), while high-ability female students

experience a performance gender gap of 0.7 percentage points wider when questions belong to the widening

female channel (35% of the within-quartile gender gap). Although the results for ethnicity are not

statistically significant, they show a similar pattern, with widening effects increasing among higher-

ability test-takers. This indicates that higher ability quartiles reveal more pronounced gaps, and flagged

items exacerbate these disparities, disproportionately impacting high-ability students from disadvantaged

groups.

By contrast, the reduction channels show no strong ability-related effects. The estimated reduction

channels for SES and ethnicity do not display any ability-dependent pattern, while the gender reduction

channels emerge consistently across all ability levels with similar effect sizes, suggesting that the reduction

effects are fairly constant across ability quartiles.

5.3.3 Other Heterogeneity analyses

Splitting by Subjects: The first natural analysis is to examine how these effects vary across subjects,

as stereotype levels are known to differ by subject area (Bordalo et al., 2019; Guiso et al., 2008). Table

A13 presents the results. For the full sample, the widening effect on the SES gap is present across all

subjects, with effects that vary from 0.5 to 1.8 percentage points, being more severe in mathematics and

science. Interestingly, the negative effects found in Language, while not statistically significant, suggest

that the widening channel is driven by cognitive effects evoked by the context, rather than a lack of

specific competencies related to operations or unit handling. In contrast, the widening effect for gender is

only observed in Language, while in mathematics and social sciences, it moves in the opposite direction,

in line with the overall impact we observe in the main results. For ethnicity, the widening channel are in

line with the hypotheses for all subjects, except for science, but the results are not statistically significant.

The reduction channels, on the other hand, are robust across all subjects for SES and for gender, in both

dimensions being more pronounced in Mathematics, and in Language and Mathematics for ethnicity.

This suggest that Mathematics is the most sensible subject for the reduction channel.

When focusing on high performers in the top quartile, the widening effect for SES persists only in

Mathematics and Social Sciences, disappearing in Language and Natural Sciences, with no evidence of a

reduction effect. For gender, however, the widening effect appears across all subjects, reinforcing the idea

that stereotype threats are more likely to affect individuals who are highly identified with the domain.

The reduction channel for gender is present in all subjects, but it is only statistically significant for

Natural Sciences. Finally, for ethnicity, no clear patterns emerge.

By ability-adjusted difficulty: Another important source of heterogeneity is the relationship be-
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Table 2: Impact of Interaction Terms on Performance (p.p) by Ability Quartile

Splitting Test-takers by Ability Quartiles
Q1 (Low) Q2 Q3 Q4 (High)
Correct Correct Correct Correct
(0/100) (0/100) (0/100) (0/100)

Widening × Low Income 0.102 0.005 -0.157 -0.804∗∗∗

(0.160) (0.178) (0.207) (0.289)
Reducing × Low Income 0.268∗∗ 0.159 0.292∗∗ 0.277

(0.109) (0.120) (0.136) (0.188)
Widening × Girl 0.242∗ -0.042 -0.095 -0.693∗∗∗

(0.124) (0.127) (0.129) (0.135)
Reducing × Girl 0.347∗∗∗ 0.480∗∗∗ 0.250∗∗ 0.361∗∗∗

(0.117) (0.125) (0.125) (0.119)
Widening × Non-White 0.289∗∗∗ 0.161 0.149 -0.098

(0.121) (0.125) (0.125) (0.125)
Reducing × Non-White 0.166 -0.213 0.672∗∗∗ 0.338

(0.253) (0.261) (0.260) (0.254)

SES Gap (p.p.) -0.177 -0.154 -0.204 -3.670
Gender Gap (p.p.) -0.153 -0.156 -0.198 -1.731
Ethnic Gap (p.p.) -0.148 -0.075 -0.058 -2.482

Indiv X Competence FE Yes Yes Yes Yes
Question’s FE Yes Yes Yes Yes
Region and Year FEs Yes Yes Yes Yes

Obs. 5,507,373 5,498,545 5,494,845 5,496,204
Indv. 32,173 32,493 32,493 32,493
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating equation 2, including all possible interactions simultaneously, with the sample
split into four quartiles based on test-takers’ ability. Each column compares test-takers within the same quartile, with the fourth quartile
representing those most likely to exceed the required cutoffs for admission to a public university. Intraquartile gaps are provided as
benchmarks. The focus of the analysis is on the interacted coefficients, which are the only ones reported. Standard errors are clustered
at the individual level and shown in parentheses.
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tween these effects and the difficulty of the question. Difficulty has been identified as a significant

moderator of stereotype threat effects (Spencer et al., 2016; Schmader et al., 2015), which may also be

explained by floor effects, where difficult questions leave no room for disparities to emerge since most

test-takers answer them incorrectly. I address this by leveraging the difference between each test-taker’s

latent ability and the difficulty parameter in the IRT model, providing a straightforward measure of

difficulty. The higher the adjusted difficulty, the farther away the difficulty parameter is with respect to

the θ estimation for individual ability. I focus my attention only on high-ability test-takers, as for them,

the difficulty of questions seems to be better calibrated (see Figure A15). The results, shown in Table

A14, indicate that widening effects emerge independently of the level of difficulty, but they diminish

towards zero for SES and gender as the questions become harder, while this is not the case for ethnicity,

suggesting that difficulty is not the main driver of these effects impairing performance is not difficulty.

In turn, reducing channels are more prevalent as the difficulty increases for the SES dimension, and less

relevant for the Gender dimension, with no effects for ethnicity.

Role of Mirroring Effect: Building on the insights from the second step, which show that the

introduction of human characters affects performance, I test whether the presence of a character mirroring

the test-taker’s group introduces heterogeneity in the results. This also provides insights into the possible

role of stereotypes in driving these effects. To do this, I manually tag items based on whether they

depict a female character (inferred through the name or gendered pronouns) and whether they depict

a character associated with an underprivileged situation (determined primarily by context and name).

I find that 13.7% (301 items) depict female characters, and 5.4% (118 items) depict individuals from

low-SES backgrounds.

Table A15 summarizes the results for the gender gap, while Table A16 does the same for the SES gap.

For the gender gap, the first notable result is that questions depicting a female character lead to better

performance by female test-takers, regardless of their ability level, to the extent that it fully offsets the

negative effect of the widening channel for top-performing individuals. A similar effect is observed for

the SES dimension, though without a clear pattern across ability quartiles. However, for the reduction

channel, the presence of female characters and underprivileged characters offsets the reduction channel’s

effects, suggesting that the inclusion of characters also impacts the reduction channel.

These findings suggest that the presence of characters matching underrepresented groups can posi-

tively impact the performance of these groups in standardized tests and can offset the effects of widening

channels. This makes the inclusion of such characters a promising policy tool to incorporate into test

design.

Role of Stereotyped Items: In terms of the Gender dimension, another interesting source of

heterogeneity is whether, the effects are driven by some sub-competences that are more stereotyped

and therefore impair in greater extent the performance of female test-takers. Following the approach

of Coffman (2014) and Bordalo et al. (2019), I categorize questions based on the specific content of the

sub-competence to which they belong. This analysis is performed exclusively for gender effects, as in step

one I showed that this is the dimension that is more sensible to the competence variation.
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I define a stereotyped question as one belonging to a sub-competence (one of the 30 that describe

the possible objectives of each question) where its contribution to widening the gender performance gap

exceeds the observed average. The results show that 47% (1,035) of the items are flagged as stereotyped

based on their sub-competence descriptions.

Table A17 presents the results. First, it is worth noting that stereotyped questions tend to impair the

performance of female test-takers, regardless of their ability level, even after accounting for the individual

× competence fixed effect. Second, the widening effects for the gender performance gaps occur even when

the question does not belong to a stereotyped domain, bringing the coefficient for the whole sample in line

with the hypothesis—something that was not observed previously. This suggests that it is the content

of these questions, rather than the domain to which they belong, that impairs the performance of female

test-takers. Third, the reduction channel is not influenced by the interaction with stereotyped questions,

further supporting the idea that the content itself drives these effects. Finally, the triple interaction term

for both channels indicates that these effects persist in stereotyped domains, but for test-takers in the

top ability quartile, stereotypes may play a role. This finding suggests that high-ability individuals could

be more susceptible to stereotype threats, as predicted by the theory.

The role of social norms: The size and great diversity of Brazil provide an interesting setting

to test the extent to which these effects, likely driven by mechanisms similar to stereotype threat, may

depend on the social norm context. This context also allows me to shed light on the external validity

of these results. Based on a special questionnaire conducted in 2009, in which ENEM test-takers were

asked about discrimination issues across different dimensions, I construct an index –in the same spirit as

Guiso et al. (2008)– for income, gender, and ethnicity at the municipality level.30 Figure A16 displays the

distribution of these indexes across Brazilian municipalities. The assumption is that areas with greater

discrimination would have stricter social norms.

Table A18 presents the results from regressions that also include interactions with the effect of in-

creasing the index by one standard deviation. The results show that, for the socioeconomic dimension,

variation in the index is irrelevant in explaining the effects of either channel. Conversely, for the gender

dimension, the gender discrimination index significantly affects the widening channel, but only for the

entire population, with no significant effects observed among test-takers in the top ability quartile, where

the widening effect is most consequential. Finally, no effects are found for the ethnic dimension.

Taken together, these results suggest that most of the observed effects are not driven by social norms

but rather by self-assessment in an internal process. Furthermore, the findings are likely to hold in

contexts beyond Brazil, given the country’s wide regional diversity, ranging from highly developed areas

such as São Caetano do Sul or Florianópolis—whose levels of development are comparable to those of

Eastern European countries—to significantly less developed regions in the North and Northeast.31

30The index is based on responses to three questions. For example, for income, it includes: (1) Have you ever experienced
discrimination based on your income? (2) Do you hold any prejudice against people who receive government assistance?
and (3) How interested are you in topics such as inequality and poverty? The index is standardized using the ‘SWINDEX‘
command in Stata, with higher values indicating worse conditions.

31More information about the Municipality HDI is available at http://www.atlasbrasil.org.br/ranking.
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5.3.4 Are there negative spillovers?

A final step is to examine whether there are spillover effects from one tagged item to those that follow.

This is important to consider because if spillovers occur, the overall impact on the test might be greater

than anticipated. For instance, Duquennois (2022) documents in the low-stakes context of the TIMSS

that an item framed financially can impair the performance of test-takers from the bottom half of the

income distribution for up to four subsequent questions. Therefore, I will adopt an approach similar to

that suggested by Duquennois (2022). The idea is to isolate the items within windows where they appear

only once. To achieve this, I conduct a panel event study, defining a window of minus four to plus four

positions relative to a flagged item, ensuring that no other flagged item appears within this window.32

Correctiq = α+

4∑
p=−4,p ̸=1

πp(Pq = p)×Dimensioni + ϑq + χi + ηp + ϵiq (3)

Where, apart from the previously described items, Pq is the item position relative to the flagged item,

interacted with the group of interest, χi is an individual fixed effect, and ϑq is the item-specific fixed

effect. Given the evidence so far, I focus my analyses in the top half performers.

Figure A17 presents the results of the event study. It can be observed that only the widening channel

for both, the SES and the gender dimensions have a negative and statistically significant effect on the

flagged items, with around a 2 percentage point decline in both cases. The effect is local and only affects

the treated item. This aligns partially with the evidence from Duquennois (2022), suggesting that while

the underlying cause may be similar, the spillover effects differ significantly in a high-stakes context with

highly motivated students. Conversely, the reduction channels show null effects for the SES gap and

produce noisy, erratic estimations with pre-trends, so not much can be concluded from these results.

5.4 Robustness Checks

The results presented in Table 1 are robust to various specifications. For example, they remain consistent

when using an alternative specification in which question fixed effects are replaced with interactions of

all possible features that might trigger performance gaps with the dimension of interest. Table A19

shows the results for this specification on the whole sample, while Table A20 presents the results when

splitting by ability quartile, demonstrating that the coefficients remain very similar. Furthermore, as

these specifications include Year × Dummy and Region × Dummy fixed effects, the results address

concerns raised by Reyes et al. (2023), who found that the staggered adoption of SISU led to time-variant

stakes across regions, creating disparities among relevant groups. However, these variations in stakes do

not appear to influence the results as the content varies.

The estimations also hold when excluding observations from years affected by COVID-19, as shown in

Table A21, ensuring that pandemic-related disruptions do not bias the findings. For the SES dimension,

the results are robust across alternative definitions. Table A22 shows the results when categorizing an

32The choice of this position window is based on the spillover effects documented in Duquennois (2022). The goal is to
have a window long enough to capture spillover effects, but not so large that it results in identifying only a few items.
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individual as low SES based on whether their high school was public or by the educational level of their

parents, rather than using the threshold of earning less than one minimum wage in the reference year.

The results are slightly larger and more aligned with the effect sizes found by Duquennois (2022) for the

public school categorization, while very aligned with the main results for the education level.

Finally, the results hold when re-specifying the dummies and dimensions under the assumption that if

a specific driver is identified, it should not drive disparities under alternative ways of splitting the sample.

Table A23 presents these results. For the SES dimension, it can be observed that the effects hold only

for the reduction channel, with a reduction observed for the whole sample in the widening channel, and

no effect among top performers. A similar pattern is observed for gender and ethnicity. These results

support the reliability of the identified channels in explaining disparities within specific demographic

dimensions. The findings suggest that the interaction between group characteristics and question-specific

features is what triggers the observed effects—particularly for the widening channels—and not an inherent

characteristic of the items themselves, such as difficulty.

6 Back-of-the-Envelope Estimation

Quantifying the effects of these mechanisms on the final distribution of slots is not a straightforward

task, as the system incorporates the use of quotas that cause different types of students to compete only

within their groups, establishing ad hoc cutoffs. Section A.7 describes the functioning of this system.

Since the system has been fully enforced only since 2016, I focus my attention on these years and restrict

the analysis to test-takers in the top half of the ability distribution, as they are the most likely to surpass

the cutoffs.

For simplicity, as gender is not considered in the affirmative action mechanism, I begin the calculation

with gender. To estimate the impact, I use the following equation:

Score Effect = ∆ExtraQ×Numbertagged × Effecttagged (4)

On average, one additional correct answer translates to 13.2 extra points in the ENEM score. Female

test-takers from private schools—who represent 51% of the total share—experience a reduction of 1.43

percentage points in the probability of answering an item correctly when the context includes abstract

scientific references, with no significant effects observed for the reduction channel. This translates to an

average score reduction of 5.0 points (0.05 standard deviations) if all such questions were modified. In

contrast, the effect for female test-takers in general is a reduction of 0.48 percentage points, resulting in

a decrease of 1.6 score points (0.02 standard deviations).

For the 5% of students attending private schools while reporting earnings below the minimum wage,

the widening channel shows a reduction of 1.35 percentage points for every question phrased in financially

themed terms. With an average of 11.7 such questions per year and an effect of 15.7 points per additional

question, this results in a score reduction of 2.5 points (0.03 standard deviations). Conversely, the

reduction channel is associated with an improvement of 1.3 percentage points per question, and doubling
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the average of 29.2 such questions per year would increase scores by 6.1 points.

Finally, for the 34% of students who report being non-white and attend private schools, the effects

align with previous estimates, showing no significant changes.

These estimations are based on half of the total slots available each year, typically ranging between

150,000 and 200,000. They abstract from potential strategic considerations that might influence the

beneficiaries of the affirmative action mechanism. Nevertheless, two key findings emerge: first, the

channels described in this paper significantly affect the probability of admission for a substantial share

of applicants, and eliminating these distortions would benefit them in a cost-effective manner. Second,

given that females remain underrepresented in federal universities, these changes are particularly urgent

for addressing gender disparities.

7 Discussion and Conclusion

This paper shows that the contextual features of test questions significantly influence performance dis-

parities in high-stakes standardized tests, based on 13 years of data from 3.8 million test-takers. Through

a detailed analysis of question-by-question performance gaps across gender, socioeconomic status (SES),

and ethnicity, the study tests six hypotheses on how these gaps are affected by different types of content.

The findings support four out of six hypotheses, showing that SES gaps widen by 0.9 percentage points

(15% of the conditional SES gap) with items involving abstract and financially related content, while

items related to grounded, daily activities reduce the gap by 1 percentage point (16% of the conditional

SES gap). The widening channels for gender emerge only among high-ability test-takers, with an impact

of 0.6 percentage points (40% of the conditional gender gap for this group). In contrast, the reduction

effects are consistent across all ability quartiles, with a similar effect size of 0.4 percentage points (21%

of the conditional gender gap for the overall population). No major contextual effects are observed for

ethnicity gaps, except within the Language subject.

The policy implications of these findings are profound. Simple adjustments in test design—such as

reducing stereotyped content and incorporating more neutral textual contexts—can significantly narrow

performance gaps. This approach is particularly relevant as centralized admission systems, which rely

heavily on standardized tests, are increasingly adopted for their perceived fairness and cost-effectiveness.

This is highly consequential in the context of Brazil. For instance, Duryea et al. (2023) shows that

the marginal low-SES student who benefits from attending a high-quality, free public university increases

their earnings by 26% ten years later, with no significant impact on high-SES students. The effect is

driven by low-SES students who, in the absence of access to these universities, enroll in colleges with

lower returns, and have little opportunity to close the earnings gap later in their careers.

Furthermore, the evidence suggests that targeted interventions, such as pairing gender-related widen-

ing questions including female characters, could effectively mitigate disparities. Policymakers and edu-

cational institutions can use these insights to refine test design, making access to higher education more

equitable, especially in high-stakes environments like Brazil’s ENEM.

This research underscores the importance of expanding access to test questionnaires, as Brazil has
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done, to allow for continuous improvements in test fairness. By leveraging NLP and data-driven meth-

ods, policymakers can better understand and address the sources of performance disparities, ultimately

creating more inclusive educational opportunities.
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A.1 Appendix Tables

Appendix Table A1: Comparison of Score Gaps across Admission Tests in Standardized Score

Admission Test Country SES Gap Gender Gap Ethnic Gap Reference Year Source

Gokao China -0.75 0.21 N.A 2018 (Altmejd et al., 2022)
PAES Chile -0.36 -0.15 N.A 2024 Author’s estimations
ENEM Brazil -0.69 -0.31 -0.48 2022 Author’s estimations
Saber 11 Colombia -0.61 -0.17 -0.63 2019 Author’s estimations
Ylioppilastutkinto Finland -0.67 0.09 N.A 2020 (Altmejd et al., 2022)
Panhellenic Examinations Greece -0.28 0.19 N.A 2012 (Altmejd et al., 2022)
EBAU Spain -0.66 0.17 N.A 2020 (Altmejd et al., 2022)
Högskoleprovet Sweden -0.59 -0.38 N.A 2016 (Altmejd et al., 2022)

Note: This table presents evidence on performance gaps among relevant groups across different admission tests in countries that
use centralized clearinghouses for college placement. The aim is to provide benchmarks. All gaps are expressed in terms of standard
deviations on the official grades used to apply through Centralized Admission Systems. SES gaps represent the differences between
low- and high-income populations, gender gaps reflect differences between females and males, and ethnic gaps show differences between
non-white and white test-takers.

37



Appendix Table A2: Summary Statistics by Subject Area

Social Sciences Natural Science

Count Mean SD Min Max Count Mean SD Min Max

Readability Score 576 -0.26 1.00 -3.88 3.30 568 -0.39 0.84 -3.17 2.47
Length in Words (SD) 576 -0.37 0.68 -1.82 1.90 568 -0.26 0.71 -1.82 3.01
Figures 576 0.16 0.37 0.00 1.00 568 0.29 0.46 0.00 1.00
Tables 576 0.00 0.06 0.00 1.00 568 0.05 0.22 0.00 1.00
Sentiment Score 576 0.16 0.12 0.00 0.83 568 0.13 0.11 0.00 0.70
Grounded 576 0.01 0.08 0.00 1.00 568 0.03 0.17 0.00 1.00
Man Character 576 0.14 0.35 0.00 1.00 568 0.10 0.30 0.00 1.00
Woman Character 576 0.18 0.38 0.00 1.00 568 0.06 0.24 0.00 1.00
Underprivileged 576 0.08 0.27 0.00 1.00 568 0.02 0.13 0.00 1.00
Privileged 576 0.24 0.43 0.00 1.00 568 0.08 0.27 0.00 1.00
Discrimination P. 576 2.16 0.97 0.34 6.69 568 2.28 1.03 0.30 8.00
Difficulty P. 576 1.14 0.78 -2.11 4.49 568 1.39 0.79 -1.80 4.44
Guessing P. 576 0.17 0.07 0.00 0.50 568 0.16 0.07 0.00 0.48
% of Corrects 576 0.50 0.18 0.06 0.95 568 0.38 0.17 0.08 0.95
SES Widen 576 0.06 0.25 0.00 1.00 568 0.02 0.14 0.00 1.00
SES Reduce 576 0.08 0.28 0.00 1.00 568 0.24 0.42 0.00 1.00
Gender Widen 576 0.05 0.22 0.00 1.00 568 0.26 0.44 0.00 1.00
Gender Reduce 576 0.27 0.44 0.00 1.00 568 0.05 0.21 0.00 1.00
Ethnic Widen 576 0.24 0.43 0.00 1.00 568 0.06 0.24 0.00 1.00
Ethnic Reduce 576 0.05 0.21 0.00 1.00 568 0.00 0.00 0.00 0.00

Language Mathematics

Count Mean SD Min Max Count Mean SD Min Max

Readability Score 492 0.47 1.08 -2.71 4.22 565 0.39 0.72 -1.94 2.23
Length in Words (SD) 492 0.60 1.32 -1.80 5.43 565 -0.03 0.74 -1.65 4.22
Figures 492 0.22 0.41 0.00 1.00 565 0.40 0.49 0.00 1.00
Tables 492 0.00 0.00 0.00 0.00 565 0.10 0.30 0.00 1.00
Sentiment Score 492 0.18 0.14 0.00 0.78 565 0.10 0.08 0.00 0.79
Grounded 492 0.15 0.36 0.00 1.00 565 0.21 0.41 0.00 1.00
Man Character 492 0.22 0.41 0.00 1.00 565 0.14 0.35 0.00 1.00
Woman Character 492 0.24 0.43 0.00 1.00 565 0.08 0.28 0.00 1.00
Underprivileged 492 0.08 0.27 0.00 1.00 565 0.04 0.19 0.00 1.00
Privileged 492 0.21 0.41 0.00 1.00 565 0.13 0.33 0.00 1.00
Discrimination P. 492 2.06 0.82 0.27 6.00 565 2.05 0.78 0.24 6.20
Difficulty P. 492 0.86 0.84 -0.92 4.35 565 1.91 0.96 -1.26 4.97
Guessing P. 492 0.15 0.07 0.00 0.40 565 0.16 0.06 0.00 0.42
% of Corrects 492 0.37 0.24 0.06 0.96 565 0.39 0.17 0.08 0.92
SES Widen 492 0.05 0.21 0.00 1.00 565 0.17 0.38 0.00 1.00
SES Reduce 492 0.14 0.34 0.00 1.00 565 0.21 0.41 0.00 1.00
Gender Widen 492 0.05 0.22 0.00 1.00 565 0.25 0.43 0.00 1.00
Gender Reduce 492 0.43 0.50 0.00 1.00 565 0.01 0.10 0.00 1.00
Ethnic Widen 492 0.19 0.40 0.00 1.00 565 0.10 0.30 0.00 1.00
Ethnic Reduce 492 0.08 0.26 0.00 1.00 565 0.00 0.06 0.00 1.00

Note: This table presents the summary statistics at the question level, separated by subject. The final sample comprises 2,201 questions
that appeared between 2010 and 2022. Questions that do not meet the inclusion criteria (i.e., those not considered for grading purposes
because their performance did not align with the characteristic curve) were excluded. The Language subject contains fewer questions
because the five questions per year assessing foreign language competencies are not included..
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Appendix Table A3: Summary Statistics

Count Mean S.D. Min Max

Low Income 129,982 0.28 0.45 0.00 1.00
Girl 129,982 0.57 0.49 0.00 1.00
Bianco 129,982 0.43 0.50 0.00 1.00
Preta 129,982 0.11 0.31 0.00 1.00
Parda 129,982 0.43 0.49 0.00 1.00
Asiatic 129,982 0.02 0.14 0.00 1.00
Indigenous 129,982 0.01 0.08 0.00 1.00
Rural 129,982 0.13 0.33 0.00 1.00
Federal School 129,982 0.04 0.20 0.00 1.00
Private School 129,982 0.23 0.42 0.00 1.00
Public School 129,982 0.73 0.44 0.00 1.00
Father with Higher Education 129,982 0.16 0.37 0.00 1.00
Father with Low Education 129,982 0.24 0.43 0.00 1.00
With access to Internet 129,982 0.75 0.43 0.00 1.00
Spanish Foreign Language 129,982 0.50 0.50 0.00 1.00
Grade in Sciences (IRT) 129,982 486.02 77.51 0.00 833.40
Grade in Social Sciences (IRT) 129,982 528.57 84.78 0.00 873.20
Grade in Language (IRT) 129,982 513.44 72.39 0.00 772.90
Grade in Math (IRT) 129,982 515.97 112.56 0.00 990.70
Total Correct Science 129,982 12.91 5.13 0.00 44.00
Total Correct Social Sciences 129,982 17.47 6.79 0.00 45.00
Total Correct Language 129,982 13.92 7.67 0.00 44.00
Total Correct Math 129,982 12.89 6.00 0.00 45.00

Note: This table presents the summary statistics for the sample in the period 2010–2022. Each year, 10,000 test-takers meeting the
inclusion criteria are drawn to study how question-by-question performance varies as the questions reflect the respective hypotheses.
Eight observations are missing because their municipality cannot be identified. “Spanish Foreign Language” is a dummy variable with
a value of 1 if the test-taker chose to take the Spanish package of questions in the Language test instead of the English one. IRT grades
are the official grades that test-takers use to apply through SISU.
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Appendix Table A4: Explained variance (R2) for SES, Gender, and Conditional Ethnic Gaps based on
different regressors

When regressing on: SES Gap Gender Gap Cond. Ethnic Gap

Competencies FE Only 0.1057 0.2395 0.0756

IRT Parameters Only 0.2372 0.0238 0.281

Non-Contextual Features Only 0.0271 0.0712 0.0100

Competencies FE & IRT Parameters 0.4128 0.3458 0.3745

Competencies FE & Non-Contextual Features 0.1134 0.2513 0.0800

IRT Parameters & Non-Contextual Features 0.2660 0.0986 0.2897

All Regressors 0.4139 0.3510 0.3762

Note: This Table reports the R2 values from regressions predicting the SES, gender, and conditional ethnic gaps using different sets
of explanatory variables. The rows correspond to the various combinations of predictors used in the regressions: competencies fixed
effects (FE), IRT parameters, and non-contextual features. The R2 values indicate the proportion of the variance in each gap that
is explained by the respective predictors. The final row (”All regressors”) shows the R2 when all predictors are included together,
reflecting the combined explanatory power of competencies, IRT parameters, and non-contextual features.

Appendix Table A5: Top 20 Words Influencing the SES Gap (Effect in p.p.)

Words Reducing Effect (p.p.) Words Widening Effect (p.p.)

temperature 0.7016 price 0.7482

work 0.7003 land 0.7143

acid 0.5827 work 0.7004

political 0.5495 sense 0.6153

black 0.5478 day 0.5624

car 0.5455 urban 0.5519

music 0.5452 model 0.5284

production 0.4857 demonstrate 0.5177

problem 0.4849 next 0.5097

Paul 0.4799 product 0.5082

industrial 0.4642 right 0.4976

study 0.4621 impact 0.4651

observe 0.4555 consumption 0.4330

height 0.4442 effect 0.4210

axis 0.4424 publish 0.4181

conception 0.4334 occupation 0.4160

consider 0.4315 person 0.4033

take 0.4255 information 0.4003

long 0.3963 walk 0.3933

century 0.3939 service 0.3921

Note: This table reports the top words that contribute to widening or reducing the SES gap when predicting the SES gap based on
competences fixed effects and all other non-contextual features of the text, using the RIDGE model reported in Figure A12 panel (a).
The words were translated from Portuguese using the Deepl API.
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Appendix Table A6: Top 20 Words Influencing the Gender Gap (Effect in p.p.)

Words Reducing Effect (p.p.) Words Widening Effect (p.p.)

life 1.1720 frame 1.3710

consider 1.1208 next 1.2903

acid 1.1016 follow 1.2432

temperature 1.0499 illustrate 1.1840

height 1.0009 center 1.1290

seek 0.9544 minute 1.1131

substance 0.9542 earth 1.1070

maintain 0.9387 day 1.0774

observe 0.9004 energy 1.0452

study 0.8314 rain 1.0030

test 0.8298 graph 0.9722

social 0.8161 rate 0.9404

show 0.8092 agriculture 0.9350

text 0.8044 country 0.9269

reader 0.7911 refer 0.8944

family 0.7639 student 0.8894

love 0.7443 occupation 0.8844

stage 0.7422 data 0.8824

work 0.7402 around 0.8738

production 0.7369 year 0.8653

Note: This table reports the top words that contribute to widening or reducing the gender gap when predicting the gender gap based
on competences fixed effects and all other non-contextual features of the text, using the RIDGE model reported in Figure A12 panel
(b). The words were translated from Portuguese using the Deepl API.
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Appendix Table A7: Top 20 Words Influencing the Conditional Ethnic Gap (Effect in p.p.)

Words Reducing Effect (p.p.) Words Widening Effect (p.p.)

resistance 0.1244 text 0.1535

reaction 0.1223 man 0.1296

political 0.1186 work 0.1277

Brazil 0.1147 walk 0.1163

temperature 0.1118 student 0.1115

mass 0.1054 next 0.1082

respectively 0.1042 manual labor 0.1078

exist 0.1003 impact 0.0985

long 0.1002 density 0.0951

music 0.0983 urban 0.0945

observe 0.0944 contain 0.0894

necessary 0.0914 day 0.0887

various 0.0912 provide 0.0822

cultural 0.0909 occupation 0.0768

night 0.0892 effect 0.0767

work 0.0839 fast 0.0762

regime 0.0822 slave 0.0757

study 0.0820 person 0.0747

metro 0.0806 house 0.0744

fabric 0.0765 consumption 0.0739

Note: This table reports the top words that contribute to widening or reducing the ethnic gap when predicting the ethnic gap based
on competences fixed effects and all other non-contextual features of the text, using the RIDGE model reported in Figure A12 panel
(c). The words were translated from Portuguese using the Deepl API.
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Appendix Table A8: LASSO coefficients for SES Gap (p.p.)

SES Gap

Features Reducing Coeff. (p.p.) Features Widening Coeff. (p.p.)

LG-Body Language 4.8929 MT-Graph Interpretation -5.3403

LG-Art Understanding 4.1617 MT-Number Meanings -2.9924

Difficulty Parameter (B) 3.9257 MT-Quantity Variation -2.9886

LG-Portuguese Usage 3.2958 MT-Probability Understanding -2.7317

LG-Symbol Systems 3.0693 MT-Geometric Knowledge -2.1508

LG-Opinion Comparison 2.8827 MT-Algebraic Modeling -2.1259

LG-Text Analysis 2.7955 topic 14 -1.7810

LG-Tech Principles 2.6704 MT-Magnitude Measurement -1.5010

LG-Information technologies 2.2676 SC-Institutional Role -1.3413

NS-Chemistry Knowledge 1.0970 SC-Civic Foundations -1.2687

Male Character 0.4625 SC-Cultural Identity -1.2494

Sentiment Score 0.4540 SC-Geographic Transformation -1.2268

NS-Physics Knowledge 0.4483 topic 53 -1.2249

Female Character 0.3917 SC-Society-Environment -0.5973

# of Words 0.3661 SC-Tech Transformations -0.4101

NS-Applied Technologies 0.3309 Discrimination Parameter (A) -0.3239

topic 55 0.2219 Privileged Character -0.2550

NS-Scientific Methods 0.1010 Underprivileged Character -0.2356

Readability Score 0.0429 # of Words Sqr. -0.1218

Note: This table reports the top features widening and reducing the SES gap when performing a LASSO, which includes competencies
fixed effects, non-contextual features, contextual features, and the topics that were generated following the LDA by maximizing the
coherence score. The fitting of the model is shown in Figure A13 panel (a). LG stands for the competencies in Language, MT for the
competencies in Mathematics, NS for the competencies in Natural Sciences, and SC for the competencies in Social Sciences. Topics are
a weighted vector of words estimated based on the occurrence and co-occurrence of words. An example is shown in Figure 2.
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Appendix Table A9: LASSO coefficients for Gender Gap (p.p.)

Gender Gap

Features Reducing Coeff. (p.p.) Features Widening Coeff. (p.p.)

LG-Opinion Comparison 3.8887 MT-Graph Interpretation -4.2957

LG-Information technologies 3.2011 MT-Quantity Variation -3.6621

LG-Art Understanding 3.1607 MT-Geometric Knowledge -3.4305

LG-Portuguese Usage 2.8879 MT-Number Meanings -3.0187

LG-Body Language 2.7742 MT-Algebraic Modeling -2.4318

LG-Text Analysis 2.6098 topic 24 -2.3613

LG-Symbol Systems 2.5439 MT-Probability Understanding -2.1469

LG-Tech Principles 2.4912 MT-Magnitude Measurement -2.0881

Female Character 1.0106 topic 58 -1.9921

Guessing Parameter(C) 0.8710 topic 47 -1.5356

SC-Civic Foundations 0.7961 SC-Society-Environment -1.3823

topic 49 0.6510 topic 53 -1.3548

SC-Cultural Identity 0.5916 NS-Physics Knowledge -1.2853

# Words 0.4519 SC-Geographic Transformation -1.2589

Difficulty Parameter (B) 0.4269 topic 23 -1.0691

Difficulty Parameter (B) Sqr. 0.3553 NS-Science Development -0.8247

topic 1 0.3356 topic 64 -0.5933

NS-Organism-Environment 0.2622 Privileged Character -0.2780

SC-Tech Transformations 0.1421 NS-Applied Technologies -0.2409

Male Character 0.1328 Grounded -0.2401

Note: This table reports the top features widening and reducing the Gender gap when performing a LASSO, which includes compe-
tencies fixed effects, non-contextual features, contextual features, and the topics that were generated following the LDA by maximizing
the coherence score. The fitting of the model is shown in Figure A13 panel (b). LG stands for the competencies in Language, MT for
the competencies in Mathematics, NS for the competencies in Natural Sciences, and SC for the competencies in Social Sciences. Topics
are a weighted vector of words estimated based on the occurrence and co-occurrence of words. An example is shown in Figure 2.
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Appendix Table A10: LASSO coefficients for Ethnic Gap (p.p.)

Ethnicity (Color) Gap

Features Reducing Coeff. (p.p.) Features Widening Coeff. (p.p.)

Difficulty Parameter (B) 1.7931 MT-Graph Interpretation -1.3113

LG-Body Language 1.1134 MT-Probability Understanding -0.5080

LG-Symbol Systems 0.9114 MT-Number Meanings -0.5004

LG-Art Understanding 0.8855 topic 14 -0.4644

LG-Tech Principles 0.7314 SC-Society-Environment -0.4394

LG-Text Analysis 0.6391 SC-Cultural Identity -0.4036

LG-Portuguese Usage 0.5960 MT-Quantity Variation -0.3814

LG-Opinion Comparison 0.5229 MT-Geometric Knowledge -0.3508

LG-Information technologies 0.4978 SC-Institutional Role -0.3478

NS-Chemistry Knowledge 0.4672 MT-Algebraic Modeling -0.2612

Male Character 0.1756 SC-Civic Foundations -0.2473

topic 15 0.1569 SC-Geographic Transformation -0.2470

NS-Organism-Environment 0.1274 SC-Tech Transformations -0.2426

Sentiment Score 0.1133 Difficulty Parameter (B) Sqr. -0.1760

Tables 0.0890 Underprivileged Character -0.0753

Discrimination Parameter (A) 0.0645 MT-Magnitude Measurement -0.0627

# of Words 0.0321 Figures -0.0298

Readability Score 0.0071 # of Words Sqr. -0.0212

NS-Physics Knowledge 0.0124 Grounded -0.0191

Note: This table reports the top features widening and reducing the Ethnic gap when performing a LASSO, which includes competencies
fixed effects, non-contextual features, contextual features, and the topics that were generated following the LDA by maximizing the
coherence score. The fitting of the model is shown in Figure A13 panel (c). LG stands for the competencies in Language, MT for the
competencies in Mathematics, NS for the competencies in Natural Sciences, and SC for the competencies in Social Sciences. Topics are
a weighted vector of words estimated based on the occurrence and co-occurrence of words. An example is shown in Figure 2

Appendix Table A11: Distribution of Flagged Items by Subject Category

SES Widen SES Reduce Gender Widen Gender Reduce Ethnic Widen Ethnic Reduce

Social Science 20.4% 11.7% 5.9% 39.3% 42.4% 42.6%
Natural Science 3.7% 38.3% 45.3% 5.3% 11.2% 0.0%
Language 11.7% 18% 3.6% 54.3% 27.6% 54.1%
Math 64.2% 32.0% 45.3% 1.1% 18.8% 3.3%
Total Items 137 334 305 359 304 61
Respect All 6.2% 15.2% 13.8% 17.9% 13.8% 2.8%

Note: This table presents the distribution of tagged items by hypothesis content. It shows that 137 items are tagged as inducing a
widening of SES gaps, while 334 are tagged as reducing SES gaps. In turn, 305 items are associated with widening gender gaps and 359
with reducing them. Finally, 304 items are linked to widening ethnic gaps, while 61 are associated with reducing them. All channels
are represented across all subjects.
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Appendix Table A12: Flagged Items and items characteristicas as predictors

(1) (2) (3) (4) (5) (6)
SES Wd SES Rd Gender Wd Gender Rd Ethnic Wd Ethnic Rd
(0/1) (0/1) (0/1) (0/1) (0/1) (0/1)

Figure (0/1) -0.027∗∗ 0.048∗∗ 0.046∗∗ -0.043∗∗∗ -0.039∗∗ -0.017∗∗∗

(0.013) (0.021) (0.019) (0.015) (0.016) (0.006)
Table (0/1) 0.033 0.072 0.049 -0.034∗∗ -0.001 0.002

(0.042) (0.044) (0.041) (0.015) (0.040) (0.010)
# Words 0.037∗∗∗ 0.076∗∗∗ 0.076∗∗∗ 0.095∗∗∗ 0.074∗∗∗ 0.017∗∗∗

(0.007) (0.010) (0.009) (0.009) (0.009) (0.005)
Readability -0.003 -0.043∗∗∗ -0.026∗∗∗ -0.016∗ -0.035∗∗∗ -0.009∗∗

(0.006) (0.008) (0.007) (0.009) (0.007) (0.004)
Positive Sentiment -0.049 0.131∗∗ 0.142∗∗ 0.039 0.092 0.024

(0.037) (0.064) (0.057) (0.068) (0.062) (0.035)
Grounded (0/1) 0.046∗ 0.018 0.022 -0.010 -0.036 -0.006

(0.026) (0.029) (0.026) (0.023) (0.023) (0.010)
Discrimination p.A -0.005 0.010 0.018∗∗ 0.002 0.012 -0.001

(0.005) (0.009) (0.008) (0.008) (0.008) (0.003)
Difficulty p.B -0.021∗∗∗ 0.008 0.010 -0.021∗∗ -0.009 -0.004

(0.007) (0.009) (0.008) (0.008) (0.008) (0.004)
Guessing p.C 0.101 0.044 0.117 -0.175∗ -0.125 -0.004

(0.072) (0.110) (0.096) (0.105) (0.101) (0.051)
Const. 0.046∗∗ -0.010 -0.072∗∗∗ 0.431∗∗∗ 0.108∗∗∗ 0.122∗∗∗

(0.020) (0.033) (0.027) (0.053) (0.036) (0.035)
Comptence FE Yes Yes Yes Yes Yes Yes

Obs. 2,201 2,201 2,201 2,201 2,201 2,201
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table shows the results of a regression between a question being tagged with a specific hypothesis and its non-contextual
features, considering competence fixed effects. These fixed effects are aimed to capture differences by domains (i.e.: some type of
questions are more likely to include graphs while having shorter text). The sample comprises all included questions (2,201). The aim
is to show how these features correlate with the tagged questions. It can be observed that tagged questions tend to have longer texts
and slightly lower readability. They also show differences in the presence of figures. Finally, there are no significant differences in the
difficulty parameter (p.B) or the discrimination parameter (p.A). Overall, this evidence suggests that the flagged items are likely similar
to others in the pool. Robust standard errors are reported in parentheses.
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Appendix Table A13: Hypotheses and their impact in Performance (p.p) splitting by subjects

All Test-takers Only Q4 Ability

SC NS Lang. Math SC NS Lang. Math
Correct (0/1) Correct (0/1) Correct (0/1) Correct (0/1) Correct (0/1) Correct (0/1) Correct (0/1) Correct (0/1)

SES Wd × Low Income -0.448∗∗∗ -1.825∗∗∗ -0.423 -0.924∗∗∗ -2.109∗∗∗ 4.216∗∗ 1.583∗∗ -1.378∗∗∗

(0.208) (0.484) (0.264) (0.122) (0.671) (1.234) (0.711) (0.378)
SES Rd × Low Income 0.274 0.440∗∗∗ 0.240∗ 2.413∗∗∗ -0.183 0.362 -0.017 -0.738 ∗∗

(0.177) (0.110) (0.142) (0.113) (0.496) (0.330) (0.376) (0.350)
Gender Wd × Girl 0.441∗ 0.095 -1.019∗∗∗ 0.877∗∗∗ -1.366∗∗∗ -0.574∗∗∗ -1.452∗∗ -0.499∗∗

(0.233) (0.099) (0.281) (0.098) (0.472) (0.205) (0.506) (0.210)
Gender Rd × Girl 0.228∗∗ 1.262∗∗∗ 0.198∗∗ 2.414∗∗∗ 0.141 2.175∗∗∗ 0.234 0.478

(0.096) (0.223) (0.088) (0.460) (0.191) (0.468) (0.164) (0.941)
Ethnic Wd × Non-White -0.092 0.481∗∗ -0.108 -0.177 0.111 -0.367 -0.237 -0.138

(0.098) (0.162) (0.125) (0.133) (0.200) (0.342) (0.238) (0.279)
Ethnic Rd × Non-White -0.302 0.195 2.425∗∗∗ 0.090 0.650∗∗ -1.050

(0.200) (0.170) (0.587) (0.414) (0.329) (1.376)
Const. 38.927∗∗∗ 28.670∗∗∗ 31.363∗∗∗ 28.716∗∗∗ 58.715∗∗∗ 43.421∗∗∗ 40.213∗∗∗ 46.645∗∗∗

(0.020) (0.017) (0.025) (0.018) (0.209) (0.223) (0.168) (0.256)

Indv. X Competence FE Yes Yes Yes Yes Yes Yes Yes Yes
Question’s FE Yes Yes Yes Yes Yes Yes Yes Yes
Region and Year FEs Yes Yes Yes Yes Yes Yes Yes Yes

Obs. 5,759,203 5,679,215 4,919,323 5,649,223 1,441,176 1,417,656 1,227,881 1,412,299
Indiv. 129,982 129,982 129,982 129,982 32,466 32,466 32,466 32,466
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating equation 2, with the sample split by subject: SC (Social Sciences), NS (Natural
Sciences), Lang. (Language), and Math (Mathematics). The left panel shows results for all test-takers, while the right panel focuses
on those in the highest quartile of ability, who are more likely to gain admission through SISU. The item controls include factors such
as length, readability, sentiment score, groundedness, and IRT parameters. Additional fixed effects cover competence, region, year, and
question order. There are no questions labeled under the reducing channel in Natural Sciences. Standard errors are clustered at the
individual level.
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Appendix Table A14: Impact of Hypotheses on Performance (p.p) by Distance (only Q4)

SES Gap Gender Gap Ethnic Gap
Correct Correct Correct
(0/100) (0/100) (0/100)

Widening × Dimension -0.336 -0.795∗∗∗ 0.057
(0.297) (0.142) (0.127)

Widening × Adj. Difficulty -1.674∗∗∗ -2.884∗∗ -1.277∗∗∗

(0.151) (0.131) (0.138)
Adj. Difficulty × Dimension 0.013 -0.272∗∗∗ 0.093∗

(0.084) (0.053) (0.052)
Widening × Dimension × Adj. Difficulty -0.051 0.956∗∗∗ -0.226∗∗

(0.283) (0.121) (0.114)
Reducing × Dimension -0.070 0.367∗∗∗ 0.311

(0.208) (0.123) (0.259)
Reducing X Adj. Difficulty 0.194 -0.732∗∗∗ 0.429

(0.121) (0.171) (0.349)
Reducing × Dimension × Adj. Difficulty 0.618∗∗∗ -0.253∗∗ 0.299

(0.200) (0.113) (0.275)
Const. 47.514∗∗∗ 47.685∗∗∗ 47.503∗∗∗

(0.072) (0.150) (0.091)

Indiv X Competences FE Yes Yes Yes
Question FE Yes Yes Yes
Region and Year FEs Yes Yes Yes

Obs. 5,499,012 5,499,012 5,499,012
Indiv. 32,423 32,423 32,423
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating equation 2, incorporating the adjusted difficulty parameter. This parameter is
measured at the individual-question level and captures the difference between the test-taker’s latent ability and the difficulty of the
question. It is calculated by subtracting the test-taker’s θ value from the item’s b parameter, meaning positive values indicate more
challenging items from the perspective of the individual. The analysis is restricted to test-takers in the top quartile of abilities. The
results are displayed by dimension, following the same structure as Table 1. Standard errors are clustered at the individual level and
shown in parentheses
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Appendix Table A15: Hypotheses and their impact in Performance (p.p) by Mirroring Effect on Gender
Gaps

All Ability Quartiles
Correct Correct Correct Correct Correct
(0/100) (0/100) (0/100) (0/100) (0/100)

Gender Wd × Girl 0.377∗∗∗ 0.198 -0.046 -0.119 -0.749∗∗∗

(0.068) (0.130) (0.132) (0.135) (0.142)
Girl× Female Character 0.543∗∗∗ 0.415∗∗∗ 0.394∗∗∗ 0.554∗∗∗ 0.623∗∗∗

(0.068) (0.130) (0.132) (0.135) (0.142)
Gender Wd × Girl × Female Character 0.158 0.435 0.053 0.240 0.436

(0.205) (0.398) (0.421) (0.413) (0.399)
Gender Rd × Girl 0.416∗∗∗ 0.491∗∗∗ 0.445∗∗∗ 0.322∗∗∗ 0.497∗∗∗

(0.070) (0.133) (0.142) (0.142) (0.136)
Gender Rd × Girl × Female Character -0.367∗∗∗ -0.667∗∗∗ 0.046 -0.404 -0.670∗∗∗

(0.123) (0.235) (0.250) (0.252) (0.247)
Const. 31.954∗∗∗ 20.469∗∗∗ 26.693∗∗∗ 33.346∗∗∗ 47.502∗∗∗

(0.010) (0.020) (0.021) (0.029) (0.016)

Indiv X Competence FE Yes Yes Yes Yes Yes
Question FE Yes Yes Yes Yes Yes
Region and Year FEs Yes Yes Yes Yes Yes

Obs. 21,996,967 5,507,373 5,498,545 5,494,845 5,496,204
Indv. 129,972 32,173 32,493 32,493 32,493
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating equation 2, incorporating the Female Character variable. This is a variable that
has been constructed by asking ChatGPT whether the questions depict a female character based on the usage of names, pronoums or
descriptions. A total of 301 (13%) items include a female character, distributed in all subjects as 33% in social sciences, 12% in natural
sciences, 39% in language and 15% in mathematics. Standard errors are clustered at the individual level and shown in parentheses.
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Appendix Table A16: Hypotheses and their impact in Performance (p.p) by Mirroring Effect on SES
Gaps

All Ability Quartiles
Correct Correct Correct Correct Correct
(0/100) (0/100) (0/100) (0/100) (0/100)

SES Wd × Low Income -1.315∗∗∗ -0.010 -0.069 -0.176 -0.729∗∗∗

(0.089) (0.150) (0.167) (0.192) (0.269)
Low Income × Low SES Character 0.421∗∗∗ -0.161 0.183 -0.248 0.223

(0.116) (0.200) (0.221) (0.250) (0.329)
SES Wd × Low Income × Low SES Character -0.669∗∗ -0.797 0.305 0.663 0.725

(0.333) (0.562) (0.596) (0.743) (1.107)
SES Rd × Low Income 0.917∗∗∗ 0.157 0.163 0.289∗∗ 0.436 ∗∗

(0.064) (0.109) (0.119) (0.135) (0.186)
SES Rd× Low Income × Low SES Character -1.910∗∗∗ 0.430 -0.571 0.194 -1.972∗∗∗

(0.240) (0.413) (0.448) (0.517) (0.732)
Const. 32.044∗∗∗ 20.550∗∗∗ 26.759∗∗∗ 33.395∗∗∗ 47.526∗∗∗

(0.004) (0.010) (0.009) (0.007) (0.004)

Indiv X Competence FE Yes Yes Yes Yes Yes
Question FE Yes Yes Yes Yes Yes
Region and Year FEs Yes Yes Yes Yes Yes

Obs. 21,996,967 5,507,373 5,498,545 5,494,845 5,496,204
Indv. 129,972 32,173 32,493 32,493 32,493
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating equation 2, incorporating the Low-SES Character variable. This is a variable
that has been hand coded considering whether the questions depict a low-SES character based on the usage of names, the historical
backgorund of celebrities or descriptions of the context in which they live. A total of 118 (5.4%) items include a Low-SES character,
distributed in all subjects as 39% in social sciences, 8.5% in natural sciences, 34% in language and 18.5% in mathematics. Standard
errors are clustered at the individual level and shown in parentheses.
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Appendix Table A17: Hypotheses and their impact in Performance (p.p) by Stereotyped Item (only
Gender Gap)

All Ability Quartiles
Correct Correct Correct Correct Correct
(0/100) (0/100) (0/100) (0/100) (0/100)

Gender Wd × Girl -0.266∗∗ -0.281 -0.271 -0.678∗∗∗ -0.282
(0.092) (0.177) (0.183) (0.185) (0.190)

Girl × Stereotyped -2.306∗∗∗ -1.066∗∗∗ -1.086∗∗∗ -1.429∗∗∗ -1.180∗∗∗

(0.066) (0.127) (0.132) (0.133) (0.134)
Gender Wd × Girl × Stereotyped 1.011∗∗∗ 0.812∗∗∗ 0.437∗∗ 1.004∗∗∗ -0.484∗∗

(0.118) (0.229) (0.235) (0.237) (0.243)
Gender Rd × Girl 0.240∗∗∗ 0.396∗∗∗ 0.436∗∗∗ 0.352∗∗∗ 0.520∗∗∗

(0.068) (0.132) (0.139) (0.139) (0.132)
Gender Rd × Girl × Stereotyped 0.529∗∗∗ -0.124 0.411 -0.191 -0.123

(0.125) (0.232) (0.252) (0.256) (0.254)
Const. 32.601∗∗∗ 20.819∗∗∗ 27.025∗∗∗ 33.747∗∗∗ 47.769∗∗∗

(0.019) (0.042) (0.042) (0.038) (0.031)

Indiv. X Competence FE Yes Yes Yes Yes Yes
Question FE Yes Yes Yes Yes Yes
Region and Year FEs Yes Yes Yes Yes Yes

Obs. 21,996,967 5,507,373 5,498,545 5,494,845 5,496,204
Indv. 129,972 32,173 32,493 32,493 32,493
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating equation 2, incorporating the Stereotyped dummy for each question. This
hand-constructed dummy takes a value of 1 if the sub-competence (one of the 30 competencies that describe the objectives of questions
across the four subjects) is categorized as stereotyped. A sub-competence is considered stereotyped if its effect on widening the gender
gap is above the mean performance gap, similar to the analysis shown in Figure 1. Of the total number of questions, 47% (1,035) are
classified as stereotyped. Standard errors are clustered at the individual level and shown in parentheses.
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Appendix Table A18: Hypotheses and their impact in Performance (p.p)

All Q4 All Q4 All Q4
Correct Correct Correct Correct Correct Correct
(0/100) (0/100) (0/100) (0/100) (0/100) (0/100)

SES Wd × Low SES -0.871∗∗∗ -0.863∗∗∗

(0.099) (0.303)
SES Wd × Low SES × Index -0.273 0.710

(0.198) (0.674)
SES Rd × Low SES 0.991∗∗∗ 0.308

(0.067) (0.197)
SES Rd× Low SES × Index 0.104 -0.264

(0.134) (0.443)
Gender Wd × Female 0.485∗∗∗ -0.557∗∗∗

(0.073) (0.175)
Gender Wd × Female × Index -0.395∗∗∗ -0.504

(0.148) (0.411)
Gender Rd × Girl 0.303∗∗∗ 0.228

(0.069) (0.159)
Gender Rd × Girl × Index 0.225 0.478

(0.142) (0.377)
Ethnic Wd × Non White -0.064 -0.113

(0.064) (0.133)
Ethnic Wd × Non White × Index 0.102 -0.075

(0.149) (0.407)
Ethnic Rd × Non White 0.044 0.290

(0.131) (0.270)
Ethnic Rd × Non White × Index 0.114 0.546

(0.307) (0.825)

Indiv X Competence FE Yes Yes Yes Yes Yes Yes
Question FE Yes Yes Yes Yes Yes Yes
Region and Year FEs Yes Yes Yes Yes Yes Yes

Obs. 21,985,817 5,495,356 21,985,817 5,495,356 21,985,313 5,495,356
Indv. 129,968 32,492 129,968 32,492 129,968 32,492
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating Equation 2, interacted with the social norm index for each dimension described
in Figure A16. Odd-numbered columns show the results for the complete sample, while even-numbered columns show the results
for test-takers in the top quartile of performance. Some observations are missing because certain municipalities changed their codes
between 2009 and the respective year. Standard errors, clustered at the Individual × Competence level, are reported in parentheses.
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Appendix Table A19: Hypotheses and their impact on Performance (p.p)

SES Gap Gender Gap Ethnic Gap
Correct Correct Correct
(0/100) (0/100) (0/100)

Widening 0.919∗∗∗ -0.064∗ -0.244∗∗∗

(0.045) (0.045) (0.044)
Widening × Dummy -0.779∗∗∗ 0.201∗∗∗ -0.030

(0.084) (0.059) (0.059)
Reducing -0.187∗∗∗ -0.865∗∗∗ -0.077

(0.031) (0.044) (0.116)
Reducing × Dummy 0.289∗∗∗ 0.466∗∗∗ -0.008

(0.058) (0.059) (0.116)

Mean Gap -6.141 -3.583 -4.192

Item’s Controls X Dummy Yes Yes Yes
Indiv X Subject FE Yes Yes Yes
Other FEs X Dummy Yes Yes Yes

Obs. 22,006,964 22,006,964 22,006,964
Indiv. 129,982 129,982 129,982
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results for the relevant coefficients when regressing equation 2 but considering Individuals × Area FE and
all controls interacted by the dimension. Each dimension—socioeconomic status (SES), gender, and ethnicity—is tested independently
using the same set of observations. The dependent variable is whether the test-taker answered the specific question correctly. The
variables Widening and Reducing are dummies set to 1 if the question corresponds to the widening or reducing channel for a given
dimension. The variable Dimension is a dummy set to 1 if the test-taker belongs to a disadvantaged group—low-SES, female, or non-
white—depending on the specification. Mean gaps are provided as benchmarks, estimated using the same specification but without
Individual Ö Subject fixed effects. Standard errors are clustered at the individual level and are reported in parentheses.

53



Appendix Table A20: Impact of Interaction Terms on Performance (p.p) by Ability Quartile

Splitting Test-takers by Ability Quartiles
Q1 (Low) Q2 Q3 Q4 (High)
Correct Correct Correct Correct
(0/100) (0/100) (0/100) (0/100)

Widening × Low Income 0.114 -0.157 -0.450∗∗ -0.686∗∗∗

(0.140) (0.157) (0.184) (0.265)
Reducing × Low Income 0.122 -0.027 0.335∗∗∗ -0.123

(0.100) (0.111) (0.128) (0.178)
Widening × Girl 0.053 -0.026 -0.112 -0.326∗∗∗

(0.112) (0.117) (0.119) (0.124)
Reducing × Girl 0.298∗∗ 0.473∗∗∗ 0.355∗∗∗ 0.760∗∗∗

(0.104) (0.120) (0.121) (0.116)
Widening × Non-White 0.417∗∗∗ 0.346∗∗∗ 0.219∗ -0.142

(0.115) (0.118) (0.119) (0.120)
Reducing × Non-White 0.099 -0.431∗∗ 0.116 0.071

(0.229) (0.236) (0.238) (0.240)

SES Gap (p.p.) -0.177 -0.154 -0.204 -3.670
Gender Gap (p.p.) -0.153 -0.156 -0.198 -1.731
Ethnic Gap (p.p.) -0.148 -0.075 -0.058 -2.482

Item’s Controls X Dummy Yes Yes Yes Yes
Indiv X Subject FE Yes Yes Yes Yes
Other FEs X Dummy Yes Yes Yes Yes

Obs. 5,508,994 5,501,288 5,497,670 5,499,012
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating equation 2 but considering Individuals × Area FE and all controls interacted
by the dimension, including all possible interactions simultaneously, with the sample split into four quartiles based on test-takers’
ability. Each column compares test-takers within the same quartile, with the fourth quartile representing those most likely to exceed
the required cutoffs for admission to a public university. Intraquartile gaps are provided as benchmarks. The focus of the analysis is
on the interacted coefficients, which are the only ones reported. Standard errors are clustered at the individual level and shown in
parentheses.
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Appendix Table A21: Hypotheses and their impact on Performance (p.p)

SES Gap Gender Gap Ethnic Gap
Correct Correct Correct
(0/100) (0/100) (0/100)

Widening × Dummy -0.835∗∗∗ 0.669∗∗∗ 0.213∗∗∗

(0.110) (0.074) (0.071)
Reducing × Dummy 0.811∗∗∗ 0.398∗∗∗ 0.071

(0.074) (0.072) (0.061)

Mean Gap -6.141 -3.583 -4.192

Indiv X Competency FE Yes Yes Yes
Question FE Yes Yes Yes
Year X Dummy FE Yes Yes Yes
Region X Dummy FE Yes Yes Yes

Obs. 16,957,803 16,957,803 16,957,803
Indiv. 99,987 99,987 99,987
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results for the relevant coefficients when regressing equation 2 only on the time window for year not
affected by the pandemic (2010-2019). Each dimension—socioeconomic status (SES), gender, and ethnicity—is tested independently
using the same set of observations. The dependent variable is whether the test-taker answered the specific question correctly. The
variables Widening and Reducing are dummies set to 1 if the question corresponds to the widening or reducing channel for a given
dimension. The variable Dimension is a dummy set to 1 if the test-taker belongs to a disadvantaged group—low-SES, female, or non-
white—depending on the specification. Mean gaps are provided as benchmarks, estimated using the same specification but without
Individual Ö Subject fixed effects. Standard errors are clustered at the Individual × competence level and are reported in parentheses.
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Appendix Table A22: Hypotheses and Their Impact on Performance (p.p)

SES Gap (Public School) SES Gap (Low Educated Parent)
Correct Correct
(0/100) (0/100)

Widening × Public School -1.587∗∗∗

(0.099)
Reducing × Public School 1.227∗∗∗

(0.066)
Widening × Low Educated Parent -0.747∗∗∗

(0.106)
Reducing × Low Educated Parent 0.587∗∗∗

(0.071)

Mean Gap -6.141 -6.141

Indiv × Competence FE Yes Yes
Question FE Yes Yes
Year × Dummy FE Yes Yes
Region × Dummy FE Yes Yes

Obs. 22,006,964 20,036,649
Indiv. 129,982 118,392
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results for the relevant coefficients when regressing equation 2 only on the Socioeconomic dimension.
The first column uses attendance to a public school as an indicator of vulnerability, while the second column uses parent low education
as an indicator. The variables Widening and Reducing are dummies set to 1 if the question corresponds to the widening or reducing
channel for a given dimension. The variable Dimension is a dummy set to 1 if the test-taker belongs to a disadvantaged group—low-SES,
female, or non-white—depending on the specification. Mean gaps are provided as benchmarks, estimated using the same specification
but without Individual Ö Subject fixed effects. Standard errors are clustered at the Individual × competence level and are reported in
parentheses.
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Appendix Table A23: Hypotheses and their impact in Performance (p.p)

All Q4 All Q4 All Q4
Correct Correct Correct Correct Correct Correct
(0/100) (0/100) (0/100) (0/100) (0/100) (0/100)

SES Widening × Female -0.191∗∗ 0.230
(0.087) (0.178)

SES Reduction× Female 0.727∗∗∗ 0.296∗∗

(0.059) (0.118)
Gender Widening × Low SES 0.895∗∗∗ -0.412∗

(0.070) (0.215)
Gender Reduction × Low SES -0.028 0.193

(0.068) (0.194)
Ethnic Widening × Female 0.142∗∗ -0.039

(0.062) (0.123)
Ethnic Widening × Female 0.445∗∗∗ -0.037

(0.127) (0.248)

Indiv. X Competence FE Yes Yes Yes Yes Yes
Question FE Yes Yes Yes Yes Yes
Region and Year FEs Yes Yes Yes Yes Yes
Obs. 21,996,967 5,496,204 21,996,967 5,496,204 21,996,967 5,496,204
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table presents the results from estimating Equation 2, interchanging the respective dummy variables for the specified
dimension. The aim of this exercise is to demonstrate that it is not a specific characteristic of the item itself driving the results,
but rather the effect triggered by the interaction. Standard errors, clustered at the Individual × Competence level, are reported in
parentheses.
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A.2 Appendix Figures

Note: This figure, borrowed from Reyes et al. (2023), shows the increasing share of enrollees in public universities admitted through
the ENEM and SISU. An upward trend can be observed from the beginning, which stabilizes around 2017.

Appendix Figure A1: Proportion of test-takers that were admitted in a Federal University by ENEM
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Note: This figure shows the yearly variation in the total number of test-takers who enroll to take the ENEM, as well as the share of
the sample corresponding to high-school seniors from the regular track in a given year. While the total number of test-takers varies
by year, the share of seniors remains more stable. The rapid increase in total test-takers between 2010 and 2016 is explained by the
growing number of universities that voluntarily transitioned to the SISU system. The differences between these measures are due to
the presence of a population of already-graduated individuals interested in competing for university slots.

Appendix Figure A2: Proportion of test-takers that are high-school seniors each year relative to the total
of test takers
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Note: This figure shows how the share of specific test-takers by gender, SES, and ethnicity varies across performance percentiles in
the average ENEM. Percentiles are estimated for each year based on the simple average of the four ENEM subjects, with the 100th
percentile representing the top performers for that year. Quadratic fittings are provided. The dashed lines represent the sample
averages as benchmarks: 27% for low-SES, 56% for non-white, and 57% for female test-takers. As performance percentiles increase,
the share of these test-takers declines dramatically, falling to 3% for low-SES, 30% for non-white, and 40% for female test-takers at the
top percentile. These gaps have significant implications for group composition and are well aligned with the empirical findings in the
literature.

Appendix Figure A3: Distribution of the share of test-takers by performance in the ENEM by dimension
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(a) Language ID 120622 (b) Mathematics ID 1179022

(c) Social Sciences ID 51402 (d) Natural Sciences ID 706160

Note: These figures display examples of questions as displayed in the booklet for all of the subjects.

Appendix Figure A4: Some Items examples by Subjects
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(a) Language (b) Mathematics

(c) Social Sciences (d) Natural Sciences
Note: These figures display the frequency of the most common words used to contextualize questions by subject. The estimation
excludes the 50 most frequent words and applies TF-IDF weighting. The original language is Portuguese, and all words were translated
using the DeepL API.

Appendix Figure A5: Words clouds by Subject
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Note: The correlation among these two variables is 0.98

Note: This figure shows the question-by-question (2,201 observations) correlation between SES gaps and ethnicity gaps, as estimated
in Equation 1, with a correlation value of 0.98. This high correlation suggests that these two dimensions are closely linked in the
Brazilian context. To avoid circularity, I decided to perform the hypothesis generation step by observing which elements increase the
ethnicity gaps, conditional on being low-SES.

Appendix Figure A6: Correlation among Low-SES gap and Ethnic Gap
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Note: This graph shows the coefficients for the year fixed effects when regressing each of the gaps for the 2,201 questions in my
sample. It can be observed that no consistent yearly trends emerge. Only some statistically significant gaps appear for low-SES in
2012 and during the pandemic in 2020 and 2021. This evidence is important as it shows that test designers are not intentionally
attempting to reduce these gaps, for instance, by altering the yearly composition of the questions. Such changes would pose a threat
to my identification strategy. Confidence intervals are shown at the 95% level.

Appendix Figure A7: Yearly fixed effects on achievement gap by dimension
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Note: This figure shows the exact text provided to ChatGPT as a prompt. Each prompt is run independently by dimension and
by channel (i.e., six separate prompts in total). I provide both the results of the bag-of-words exercise and the topic modeling. The
bag-of-words includes the top 50 unigrams from the RIDGE model, along with their coefficients predicting the gap in the respective
dimension and channel. The topic model includes the composition of topics, specifically the 100 most important words and their
weights, from the topics that showed high predictive power in the Lasso model. Based on this combined input, ChatGPT generates a
single hypothesis that captures the common contextual driver behind the performance gaps.

Appendix Figure A8: ChatGPT prompt for Hypothesis Generation
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(b) K-Density of Gender Performance Gaps (p.p.)
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(c) K-Density of Ethnic Performance Gap condi-
tional on LowSES (p.p)

Note: These plots show the k-density estimations for the distribution of gaps at the question-by-question level, as outlined in Equation
1 for each dimension. Panel (a) shows the distributions for the SES gap by subject, Panel (b) shows the distributions for the gender
gap by subject, and Panel (c) shows the distributions for the conditional ethnicity gap (conditional on being low-SES). Significant
variability can be observed across all dimensions and subjects. On average, SES gaps are 6.8 p.p., gender gaps are 3.2 p.p., and
conditional ethnicity gaps are 1.7 p.p., with a 32% correct-answer rate overall.

Appendix Figure A9: performance Gaps density by different tagging
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Note: This figure presents the estimated coefficients for each non-contextual measure and IRT parameters when regressing the gender,
socioeconomic, and conditional ethnic performance gaps, and controlling for the competence fixed effects outlined in figure 1. “Std.”
indicates standardized measures, applied to continuous variables. Readability scores are calculated using a composite index based
on Carvalho de Lima Moreno et al. (2022), and sentiment scores are estimated using the multilingual BERT model, measuring the
probability of a very positive sentiment. IRT parameters are included, and other variables are hand-coded. As a benchmark, the
average gender gap is -3.1 percentage points, the SES gap is -6.6 percentage points, and the conditional ethnic gap is -1.6 percentage
points, all estimated using equation 1. Confidence intervals are estimated at the 99% level. These factors account for 9.8% of the
gender gap variance, 27% of the SES gap variance and 29% of the cond. ethnic gap variance.

Appendix Figure A10: Performance Gaps and text-based objective measures by groups
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(a) SES Gap (b) Gender Gap

(c) Cond. Ethnic Gap
Note: These panels display the words in the text with the highest predictive power in explaining the observed gaps. Words in blue
reduce the gaps, while words in red widen them. To obtain these words, the text is first vectorized into uni-grams and bi-grams. The
2,201 gap values for each question are then analyzed, accounting for competence fixed effects and non-contextual factors, to isolate the
variation attributable to context. Panel (a) shows the results for the words that predict the SES gap, Panel (b) shows the words for
the gender gap, and Panel (c) shows the words for the conditional ethnicity gap. The words were estimated using a Ridge model, with
the alpha parameter selected via grid search, controlling for item features and competence fixed effects. Figure A12 displays the model
fits. And Tables A5, A6 and A7 display the size of the estimations word by word.

Appendix Figure A11: Words with the highest predicting power by type of performance gap
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(a) SES gap (b) Gender Gap

(c) Cond. Ethnic Gap
Note: These panels show the model fitting for each of the estimations based on the words in the RIDGE model, including also
competence fixed effects and non-contextual features of each question. The estimations are performed for each of the three gaps for all
2,201 questions. The y-axis plots the predicted values, and the x-axis plots the actual values. The red line depicts the 45-degree line.
Additionally, the top of each panel provides information about the α value selected by the grid search and the R2.

Appendix Figure A12: Fitting in different prediction models-RIDGE uni-grams and bi-grams
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(a) SES gap (b) Gender Gap

(c) Cond. Ethnic Gap
Note: These panels show the model fitting for each of the estimations based on the words in the LASSO model, which also includes
competence fixed effects, topics, and non-contextual features of each question. The estimations are performed for each of the three
gaps across all 2,201 questions. Topics are generated using the Latent Dirichlet Allocation (LDA) algorithm, in a data-driven manner
by maximizing the coherence score. There are 66 topics. The y-axis plots the predicted values, and the x-axis plots the actual values.
The red line depicts the 45-degree line.

Appendix Figure A13: Fitting in different prediction models-LASSO with topics
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Note: This graph shows the process of maximizing the coherence score—a metric of the degree of semantic similarity between high-
scoring words in the topic—on the text corpus. The corpus consists of all the text that appears in any question, and consist on a
total of 130,215 words. With each iteration, the algorithm assesses the coherence of the splitting and stops when it is maximized.
Topics are distributions of words, and each questions’ text is a distribution of topics. Importantly, this clustering process into topics is
independent of the gaps, as it only considers the distribution of words for classification.

Appendix Figure A14: Coherence Score by Number of Topics
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Note: This figure shows the distributions of adjusted ability for the complete sample and for test-takers in the highest performing
quartile. Adjusted ability is a measure estimated by subtracting the difficulty parameter B from the estimation of each test-taker’s
latent ability, θ. Positive values mean that the question is harder than the test-taker’s ability. The x-axis is measured in standardized
units of ability. A distribution not centered around zero, but around a positive value, indicates that the set of questions is harder than
the ability of the test-takers. However, we observe that for the small proportion of test-takers who secure a position in selected public
universities, the set of questions is well-calibrated.

Appendix Figure A15: Adjusted-Ability Distributions
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(a) Income Index (b) Gender Index

(c) Ethnicity Index
Note: These panels display the indexes constructed from the responses of ENEM 2009 test-takers on issues of discrimination. Each
unit corresponds to the Brazilian municipality of the high school in which the test-taker was enrolled. The indexes are based on
three questions that assess: (i) the level of self-perceived discrimination, (ii) engagement with causes fighting discrimination in that
dimension, and (iii) the level of prejudice against the discriminated population. The indexes are standardized using the ‘SWINDEX‘
command in Stata.

Appendix Figure A16: Words with the highest predicting power by type of performance gap
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(a) SES relative gap in the presence of a flagged item
with a widening effect
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(b) SES relative gap in the presence of a flagged
item with a reducing effect
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(c) Gender relative gap in the presence of a flagged
item with a widening effect
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(d) Gender relative gap in the presence of a flagged
item with a reduce effect

Note: These graphs show the coefficients from executing Equation 3. The time window considered is from -4 items to +4 items, with
the tagged question containing one of the testable hypotheses in the middle. The election of this time window is informed by the results
of Duquennois (2022). The baseline corresponds to the question immediately preceding the tagged question. The estimation excludes
sequences of questions where one of the items belongs to the opposite channel (i.e., a question tagged as reducing when the graph aims
to test the widening channel).

Appendix Figure A17: Performance Gaps dynamics by relative position to flagged item
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A.3 How the way test are performed affect gaps

Most of the literature has concentrated on interventions that create disparities among groups by altering

the settings or environmental conditions in which tests are conducted. In the following, I will summarize

this evidence. It is important to note that much of this evidence comes from low-stakes contexts, par-

ticularly PISA and TIMMS, due to their accessibility and high-quality data. Additionally, many studies

focus on very specific and controlled interventions that examine only one mechanism at a time. There is

limited knowledge about the effects in high-stakes situations.

Effects of Gendered Language: Cohen et al. (2023), exploiting a policy change in the Israeli

Admission test33, documents that transitioning from a male-centered language to one that is more neu-

tral benefits women’s performance in domains where stereotype threat is present, such as mathematics,

reducing the gender gap by 20% with no effects on domains without such threat.

Multiple Choice and wrong penalization: The format in which questions are displayed might also

affect the performance across groups. Multiple-choice formatting is widely used because it is easier to

mark at large scale. But the specific design opens rooms to other factors that are no active in alternative

formatting like open-ended questions. For instance, if an specific group is able to discard some irrelevant

choices of is more prone to guess, then performance disparities might arise only due to design factors.

Griselda (2022) shows that question that try to measure the same ability, when are displayed as multiple-

choice as opposed to open ended questions, they trigger significant gender performance gaps. As indicated

in Baldiga (2014) using the SAT find that this effect can be ever strong when there is a penalization

for wrong answers. Analogously, Coffman and Klinowski (2020) show that when penalization for wrong

responses are removed in the Chilean admission system, the gender gap in test scores widens, particularly

on those domains that are necessary to apply to STEM programs.

Content based differences: The content of a test may induce some performance disparities. For

instance, females, no matter the type of test or the age in which the test is performed, tend to show and

advantage in reading and writing, while males show and advantage in mathematics. But there are others

within domain differences. Males tend to perform better in questions asking about rotation, geometry or

statistical analyses, while females, tend to be advantaged in algebra and short-answer problems (Reynolds

et al., 2022; Miller and Halpern, 2014).

Abstract versus grounded: There is evidence showing that the use of contextual tools that make some

question grounded, as oppose to abstract, affect performance because the strategy followed might change

(Koedinger et al., 2008; Koedinger and Nathan, 2004). However, the evidence of these effect inducing

groups disparities has not been extensible study. One exception is Hickendorff (2013) find no gender

difference due to a manipulation in this dimension in primary school students in the Netherlands. How-

ever, Van de Weijer-Bergsma and Van der Ven (2021) show that, even though there are no demographic

groups difference, grounded questions help the performance of low-ability students through a motivation

33Hebrew, like Portuguese, is a grammatical gender language in which nouns generally have a gender assigned to them,
and the noun’s gender affects the form of the verb used with it and the form of the pronoun used to refer to it.

72



channel.

Cognitive Endurance and item’s order: The level of difficulty of the earlier questions in a test may

affect performance in later questions (Anaya et al., 2022) find that ordering the questions from easiest to

most difficult yields the lowest probability to abandon the test, as well as the highest number of correct

answers. It could be either because tiredness play a role, or because facing a more difficult question

early updates the expectation about the overall difficulty on the test, creating anxiety or other responses

that impair performance. Reyes (2023) explores the role of cognitive endurance –the ability to sustain

effortful mental activity over a continuous stretch of time– on later on outcomes, and being an important

generator of disparities34. This paper finds a one-standard-deviation higher endurance predicts a 5.4%

wage increase. In turn, Brown et al. (2022) exploiting a field experiment, show that cognitive endurance

can be enhanced, but only in high-quality schools, suggesting that this may further disadvantage poor

children.

Share of same group members: Other environmental condition that might create performance

gaps across groups is the observed share of peers performing the test in the same room. Gomez-Ruiz

et al. (2024) exploit an exogenous variation in the gender composition in an admission test for a coding

program in Uruguay. They find that the absence of male applicants leads to a 0.1 standard deviation

increase in women’s test scores in mathematics and logical reasoning compared to women in mixed-gender

editions, with no effects in the verbal part.

Time constraints: Other dimension related with the environment of the test is the time constraint.

De Paola and Gioia (2016) show that on math test, gender gaps emerge when stringent time constraints

apply, a common feature in test such as ENEM. Cai et al. (2019) show that these patterns emerge also in

real-world high stakes context like the Gaokao, exploiting within differences between a mock exam and

the real examination. While Galasso and Profeta (2024) using an RCT show that these effects emerge

even in low-stakes context.

Answering strategies: There is also evidence highlighting gender differences in test-taking behavior.

For instance, Stenlund et al. (2017) found that female test-takers tend to rely on random guessing more

than their male counterparts. They also observed that low-achieving test-takers are less likely to follow

effective time management strategies during tests. Similarly, Ellis and Ryan (2003) reported that African-

American test-takers are more prone to using ineffective test-taking strategies, such as randomly selecting

an answer when guessing, reading through the entire test before starting, or reviewing the answer options

before reading the questions. Their findings suggest that part of the performance gap can be explained

by the use of these ineffective strategies.

34Namely: By reducing the contribution of endurance gaps to test-score gaps by half, the reform would: (i) Reduce the
gender test-score gap by 0.85 percentage points (a 32% decrease from the pre-reform gap of 2.6 percentage points); (ii) Reduce
the ethnic test-score gap by 0.08 percentage points (a 14% decrease from the pre-reform gap of 5.7 percentage points); and
(iii) Reduce the SES test-score gap by 1.3–3.1 percentage points (a 13%–16% decrease from pre-reform gaps), depending on
the SES measure
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A.4 Hypotheses generated and existent literature

SES Widening Channel: The foundation of the widening channel for the SES dimension rests on

findings from Duquennois (2022), who examines how financially framed questions exacerbate performance

gaps between high- and low-SES students in the TIMSS assessment. This research aligns with broader

insights into how financial stress impacts cognitive function, particularly among low-income individuals.

Studies suggest that poverty can narrow cognitive bandwidth, drawing attention toward scarcity and

inducing stress, thereby reducing cognitive resources available for other tasks. This effect is especially

pronounced in contexts involving financial decision-making or monetary considerations, as highlighted by

Mani et al. (2013). Consequently, questions that require financial or abstract economic reasoning may

inadvertently disadvantage low-SES students, intensifying performance gaps by drawing on cognitive

resources already taxed by financial stress.

SES Reducing Channel: The foundation of the reduction channel for the SES dimension is sup-

ported by findings that real-world, practical contexts in test questions can help bridge performance gaps

between high- and low-SES students (Banerjee et al., 2017). This is likely because practical, real-world

scenarios reduce cognitive load by drawing on knowledge and experiences more accessible to students from

diverse backgrounds, avoiding the abstract or financially framed content that can introduce additional

stress or disadvantage. Furthermore, these findings align with broader insights from the educational psy-

chology literature, which indicate that grounding questions in relatable contexts can improve engagement

and comprehension, thereby mitigating disparities in performance (Koedinger and Nathan, 2004). This

reduction channel is thus built on evidence that accessible, concrete contexts allow low-SES students to

perform more equitably, reducing the SES performance gap.

Gender Widening Channel: The foundation of the widening channel for gender performance gaps

may stem from a combination of biological and sociocultural factors. Research in neuroscience suggests

there are slight structural and functional differences in male and female brains that may influence cognitive

processing styles. For instance, males may have a relative advantage in tasks involving spatial and abstract

reasoning, often attributed to differences in brain structure and neural connectivity (Reynolds et al.,

2022). These biological factors, however, interact with strong societal stereotypes that portray science and

technical domains as male-oriented fields, which can reinforce gendered performance gaps (Guiso et al.,

2008). Studies have shown that when test content aligns with stereotypically male-associated subjects,

such as physical sciences and technology, stereotype threat can activate, leading to increased anxiety

and reduced performance for female test-takers (Good et al., 2008). This dual influence—biological

predispositions and stereotype-driven expectations—creates a widening effect in gender gaps, particularly

when assessments emphasize abstract or technical language in scientific contexts.

Gender Reducing Channel: The foundation of the reducing channel for the gender dimension

may stem from a combination of cognitive strengths and stereotype mitigation. Research suggests that

women often display advantages in verbal processing and non-verbal decoding, excelling in tasks that

involve identifying emotions and interpreting social cues (e.g., Hampson et al. (2006); Mast and Hall
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(2006)). This ability to accurately read sentiment and social interactions may provide female test-takers

with an edge on questions focused on these areas. Additionally, framing questions in culturally neutral or

socially meaningful contexts can reduce stereotype threat, allowing women to engage without the added

pressure of stereotypes (Spencer et al., 2016). Together, these factors support a reduction in gender gaps

when assessments include socially engaging, sentiment-based, or culturally familiar content.

Ethnicity Widening Channel: The foundation of the widening channel for the ethnicity dimension

is supported by evidence that questions framed around abstract social phenomena, legal concepts, or

technical terminologies may disproportionately disadvantage students from certain ethnic backgrounds.

Research indicates that assessments featuring abstract or decontextualized content can widen performance

gaps, as students from underrepresented groups may have less familiarity with these contexts. There is

research indicating that abstract representations in problem-solving tasks increase cognitive load and

reduce accuracy compared to grounded, context-rich representations, adding cognitive demands that can

hinder performance, especially for individuals lacking background familiarity (Koedinger et al., 2008;

Koedinger and Nathan, 2004). In these contexts, stereotype threat may further exacerbate disparities, as

students from underrepresented groups may experience additional stress and disengagement when faced

with culturally distant or abstract content.

Ethnicity Reducing Channel: The foundation of the reduction channel for the ethnicity dimen-

sion is grounded in research on culturally relevant pedagogy and the benefits of contextual familiarity.

Studies show that test questions incorporating culturally significant, historical, or familiar themes can

reduce performance gaps for students from underrepresented ethnic backgrounds. Incorporating cultur-

ally relevant and familiar contexts in test questions can enhance engagement and reduce performance

disparities, as culturally resonant content aligns more closely with students’ lived experiences and re-

duces potential biases in assessment (Kim and Zabelina, 2015; Ladson-Billings, 1995). This approach

also aligns with findings from stereotype threat research, which suggests that culturally familiar material

may lessen stress and disengagement, leading to narrower performance gaps. Thus, questions framed

around historical or culturally relevant contexts can help mitigate performance disparities, supporting a

reduction in the ethnicity gap.
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A.5 Competence definitions and the reference Matrix

The Reference Matrix (accesible at https://download.inep.gov.br/download/enem/matriz_referencia.

pdf) defines the cognitive axes that the Ministry is looking at when designing each question. Each ques-

tion belongs to one of the 30 competencies described for each text. In turn, this competencies can be

grouped in 6 to 9 categories per subject. The following figures describe each of the specific competencies

by subject.

Note: This table shows the translation of each of the competencies and sub-competencies comprising the Language section of the
ENEM. The translation from Portuguese was done using DeepL. The “grounded” indicator shows whether the competence aims to
measure daily situations as opposed to abstract concepts. Only the competencies in bold (those that group the sub-competencies) are
considered in the fixed effects specifications.

Appendix Figure A18: Competencies descriptions for Language
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Note: This table shows the translation of each of the competencies and sub-competencies comprising the Math section of the ENEM.
The translation from Portuguese was done using DeepL. The “grounded” indicator shows whether the competence aims to measure
daily situations as opposed to abstract concepts. Only the competencies in bold (those that group the sub-competencies) are considered
in the fixed effects specifications.

Appendix Figure A19: Competencies descriptions for Math
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Note: This table shows the translation of each of the competencies and sub-competencies comprising the Natural Sciences section of
the ENEM. The translation from Portuguese was done using DeepL. The “grounded” indicator shows whether the competence aims to
measure daily situations as opposed to abstract concepts. Only the competencies in bold (those that group the sub-competencies) are
considered in the fixed effects specifications.

Appendix Figure A20: Competencies descriptions for Science

Note: This table shows the translation of each of the competencies and sub-competencies comprising the Social Sciences section of
the ENEM. The translation from Portuguese was done using DeepL. The “grounded” indicator shows whether the competence aims to
measure daily situations as opposed to abstract concepts. Only the competencies in bold (those that group the sub-competencies) are
considered in the fixed effects specifications.

Appendix Figure A21: Competencies descriptions for Social Sciences
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A.6 IRT and the ENEM scoring

The ENEM test relies on a item bank to select the question each year compose the test. This bank

has been made with the help of experts, combining high school teachers and college faculties. The idea

is to have a broad set of question aiming to assess the different set of skills necessary for the college

continuation.

Each individual item is tested in pre-test session, where a representative sample of population face

these items and where their performance is assessed. Based on the performance of this training sample,

the parameters of each items are calibrated. The model used to calibrate is the so called 3PL model.

Pr(yij = 1 | θj) = ci + (1− ci)
exp{ai(θj − bi)}

1 + exp{ai(θj − bi)}
θj ∼ N(0, 1) (5)

Based on this model, the item probability of answering correct can be characterized by the use of

three parameters; a, the discrimination parameter which approximates the effectiveness of the item to

differentiate between examinees with a high ability level and a low ability level; b, the difficulty parameter,

which indicates the ability point in which the examinee has 50 percent probability of responding correctly

(without considering guessing) ; and c, the guessing parameter indicates the likelihood that a student

with an infinitely negative ability has to correctly respond to the question. Figure A22 shows the so

called characteristic curve for some general item.

Note: This figure describes the elements of the “Characteristic Curve” in the 3PL IRT model. The guessing parameter C represents
the probability that a test-taker with extremely low ability (approaching negative infinity) can still guess the correct answer. The
discrimination parameter A reflects how sharply the item distinguishes between test-takers of different abilities, corresponding to the
slope of the curve at the difficulty parameter. A higher value indicates better discrimination. Finally, the difficulty parameter B
represents the ability level at which a test-taker has a 50% probability of answering the item correctly, assuming no guessing.

Appendix Figure A22: 3PLM Characteristic Curve

The intuition behind the Item Response Theory (IRT) is that a sequence of items can provide informa-

tion about the latent variable representing ability if some assumptions hold. Individuals with low ability
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should only be able to respond easier questions. If they actually respond correctly a series of harder items,

then, the model assumes that this is due to chance. And therefore they do not imput complete weight to

those items. So based on the complete string of empirical responses, by using Maximum Likelihood, the

θj parameter is pin down. It can be note in Figure A23 that this produces a high variability of scores,

conditional on having the same number of raw correct answers (particularly in the neighborhood 10 to

20 correct answers) .

Note that these parameters have been calibrated using the whole pilot sample, so they do not consider

important factor such as the order of the item (for instance, Reyes (2023) documents important differences

in performances due to different endurance abiliy) nor the nuances that are associated with the contextual

cuing effect studied in this paper. Because of this, there are some critics of the use of this model in grading

the scores of the ENEM.

The information provided by the IRT scores might be helpful to control when estimating the gaps

per question, as provide one way of include a proxy of ability. The latent ability estimation (parameter

θ) is the result of the most consistent pattern across different set of question, calibrated in a sample that

is not the one that I am observing. The intuition if that a test-taker with low ability does well in a set

of hard items, then, it is likely due to chance, and therefore the model discounts the score based on this

inference. This is the reason why the profiles of grades versus the raw total number of correct items looks

as depicted in Figure A23, where it can be seen a huge dispersion in terms of the score granted, even

conditional on the same number of overall raw correct responses.

And as these features might also affect the performance on an specific question, it can not be the case

that the theta estimation is totally biased, since most of the questions do not suffer from this biasing

structure. That is why I consider that this theta is a good proxy of ability.
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Note: This figure illustrates the differences between grading schemes when using IRT compared to traditional grading based on the
number of questions answered correctly. One of the advantages of IRT is that it increases the number of possible scores, thereby
enhancing the granularity of the metric. For instance, in 2012, with 45 questions available in mathematics, the total possible scores in
traditional marking is 46, whereas when using IRT, this number increases to 6,406. However, this comes with a cost, as the dispersion
for the same number of correct responses is high, allowing disparities to emerge if there are contextual differential responses by groups.

Appendix Figure A23: IRT v.s Actual Number of Corrects-Mathematics Test
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A.7 Affirmative Action Mechanism

In Brazil, affirmative action in public universities began as isolated initiatives by individual institutions

to promote inclusion for underrepresented groups, such as low-income students, Afro-Brazilians, and

Indigenous populations. These efforts varied widely until 2012, when the federal government enacted the

Law of Social Quotas (Lei de Cotas, Law 12.711/2012), standardizing affirmative action across federal

universities.

The law mandates that at least 50% of all seats in federal public universities be reserved for students

who completed high school in public institutions, with subquotas based on income (below 1.5 minimum

wages) and race or ethnicity (self-reported), proportional to state demographics. Figure A24 illustrates

this mechanism. This legislation transformed affirmative action from fragmented and optional initiatives

into a universal policy, with full compliance achieved by 2016. It aimed to reduce educational inequalities

rooted in Brazil’s socioeconomic and racial disparities.

Students eligible for reserved seats faced strategic decisions when applying through the Sistema de

Seleção Unificada (SISU). They could compete in the open competition, with typically higher cut-off

scores, or apply directly for reserved seats, which often had lower thresholds but limited availability and

slower-moving waiting lists. Students monitored real-time updates on cut-off scores during the application

period, adjusting preferences to optimize their chances of admission. This process required aligning their

ENEM performance, program choices, and quota eligibility for the best outcome.

Despite being highly underrepresented in public universities—in 2016, women comprised 57% of all

test-takers but only 46% of those admitted in open seats and 44% in reserved seats—female test-takers

do not benefit from specific quotas. Affirmative action policies primarily focus on socioeconomic and

racial disparities, leaving gender representation to be addressed indirectly.

The system benefits its intended groups, enabling them to catch up academically during college

(Oliveira et al., 2024), but evidence on its impact on private school test-takers is mixed. Otero et al. (2021)

argue that private school students are unaffected due to competitive outside options, while Machado

et al. (2023) report negative classroom spillover effects. Critics also highlight that the system’s design

can incentivize strategic gaming, creating unintended inequalities (Aygün and Bó, 2021).

To address these concerns, starting in 2024, SISU will evaluate all candidates for open seats based

solely on their ENEM scores, regardless of quota eligibility. Only candidates who do not secure admission

through open competition will be considered for reserved seats under the quota system.
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Note: Since 2016, for every 100 spots, 50 are AA spots reserved for students from public high schools. Those AA spots are then
divided equally by income, with 25 going to poor students and 25 to non-poor students. Finally, each group of 25 spots is distributed
to reflect the proportion of black, brown, and indigenous individuals in the population of a given state, as reported by the Brazilian
National Bureau of Statistics (IBGE). The proportions in this example correspond to Minas Gerais. Source Otero et al. (2021).

Appendix Figure A24: Affirmative Action (AA) distribution of slots
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