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Abstract

Exceptional talent accounts for a disproportionate share of innovation, yet many individuals with
exceptional ability may never realize their potential. Whether expanding access to advanced training
generates learning gains remains an open question. We study this using a randomized controlled trial
with 620 highly gifted students from 44 countries, nominated by national Olympiad organizations.
Participants were randomly assigned either to an 18-week advanced combinatorics course by Art
of Problem Solving or to independent study using equivalent materials. Assignment to the course
increased final-exam performance by 0.16 standard deviations. Engagement varied widely: roughly
half of assigned students participated minimally, and baseline characteristics explain little of this
variation (R? = 0.10). Using random assignment as an instrument for engagement, we estimate learning
gains of 0.66 standard deviations among fully engaged students. Among those who later competed
in the International Mathematical Olympiad, students assigned to the course performed better on
combinatorics problems. Overall, access to advanced training yields large gains when engagement is
sustained, but access alone does not reliably induce engagement.
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1. Introduction

Exceptional talent drives a disproportionate share of innovation and scientific discovery,
making the study of learning at the top of the ability distribution central to long-run economic
growth. Yet we have little causal evidence on the conditions under which such learning occurs,
or on the constraints that limit its development. Most education systems are designed to
serve the median student, while the processes governing learning among individuals with
exceptional ability—whose learning dynamics, opportunities, and constraints may differ
sharply—remain poorly understood.

One central concern for innovation and growth is that many individuals with exceptional
ability may never realize their potential. Advanced problem-solving skills typically develop
through exposure to challenging material, expert instruction, and sustained practice—inputs
that are often geographically concentrated in a small number of elite schools and training
centers. As a result, even students with exceptional ability and strong motivation may fail to
reach the frontier if they live far from high-quality training environments.! This creates the
possibility of large, socially costly losses in unrealized talent, not because ability is scarce, but
because access to the conditions that foster advanced learning is unevenly distributed.

The career of Maryam Mirzakhani illustrates both the promise and fragility of frontier
learning. As a middle-school student in Tehran in the early 1990s, Mirzakhani did not initially
excel in mathematics and was more interested in literature and debate. Her subsequent
development coincided with Iran’s expansion of programs for mathematically gifted students,
including national Olympiad training camps and university workshops. Within a few years,
she excelled at the International Mathematical Olympiad (IMO) and later earned the Fields
Medal—the highest honor in the field. Her experience suggests how rapidly learning can
accelerate when access to advanced training is combined with a supportive environment. At
the same time, it raises a broader question: if access to advanced training were expanded to students
with exceptional ability at scale, how much learning would occur, and under what conditions would
large gains be sustained??

1Birth location remains a powerful determinant of whether exceptional ability develops. For instance, Africa—nearly
20 percent of global population—has won only three International Mathematics Olympiad (IMO) gold medals and zero
Physics Nobel prizes. These patterns suggest that access to training, not just underlying ability, shapes outcomes at the
frontier.

2Maryam Mirzakhani’s early education and rise through Iran’s emerging Olympiad system are described in Beheshti
(2018). As a middle-school student at Farzanegan School for gifted girls in Tehran, Maryam initially did not excel in
mathematics. After scoring poorly on a test, she reportedly tore up her exam paper in frustration and declared she
would never study math again. Her turning point came when Iran launched new programs for mathematically gifted
students, including national Olympiad training camps and a summer workshop at Sharif University. Alongside her
close friend Roya Beheshti, she became one of the first two female students on Iran’s national Math Olympiad team,
earning gold medals in 1994 and 1995, the latter with a perfect score. She later completed her Ph.D. at Harvard and went
on to become the first woman to win the Fields Medal in 2014.



Around the world, many students with exceptional ability face similar constraints.’
Progress in competition-level mathematics requires mastering problem-solving techniques
that are rarely taught in standard curricula and typically demand sustained interaction with
highly specialized instructors and similarly prepared peers. As a result, even students who
have demonstrated exceptional aptitude and motivation may struggle to continue progressing
once they exhaust locally available instruction.

Online education offers a potential solution to these constraints. Traditional education
systems face structural limits in serving students at the upper tail of the ability distribution:
few schools have teachers equipped to teach competition-level mathematics, and even where
such teachers exist, the scarcity of similarly prepared peers often prevents the formation of
viable classes. By connecting students to expert instructors and advanced curricula regardless
of geography, online instruction could, in principle, make access to advanced training far more
scalable than traditional in-person models.

Yet how much access to high-quality online instruction alone can raise learning for high-
ability students—and under what conditions—remains an open question. Most existing
research on online education focuses on mainstream student populations. Much less is known
about whether scalable online instruction can effectively serve students with exceptional ability
(whose learning needs, motivations, and persistence patterns may differ sharply), or what
determines whether such students persist.°

This paper addresses that gap. We conduct the first randomized controlled trial of high-
quality online education for top mathematics students, spanning 620 participants across 44
countries. Participants were nominated by national Olympiad organizations and drawn from
among the world’s most mathematically able students.® The intervention provided free access
to an 18-week advanced combinatorics course from Art of Problem Solving (AoPS), a leading
mathematics training platform whose alumni include most members of the U.S. International
Mathematical Olympiad team. Students in the control group received an equivalent AoPS

3Consider Kevin (a pseudonym), a 16-year-old from Mindanao in the southern Philippines who participated in our
study. Like many high-ability students outside major urban centers, he has competed in local mathematics contests
since age ten and aspires to earn admission to a top university or international scholarship. To participate in national
Olympiad training, he would need to travel to Manila—a journey of two to three days by ferry.

“Throughout the paper, we use the term persistence to refer to a student’s ability to sustain effort over time when
working on demanding, advanced problem-solving tasks. Empirically, we measure persistence through engagement
in the course, defined as the number of weeks or months in which students actively participated by attempting and
submitting problem sets.

5Students who compete in math Olympiads—with demonstrated ability, prior investment, and strong academic
incentives—represent a likely case for online education to succeed. If persistence constrains learning even here, it might
bind more severely in less selected populations.

®Participation in Olympiad competitions itself reflects a dual self-selection: students must be both passionate about
mathematics and confident enough in their abilities to voluntarily tackle advanced problems well beyond standard
curricula. Among this group of 10,000 or more national participants (numbers vary by country), our participants typically
ranked in the top 20, placing them in approximately the top 0.2% of students who have self-selected into competitive
mathematics.



e-book and structured study plan.

To measure and incentivize learning, we administered a dedicated exam approximately 20
weeks after the program began. Some students in both the treatment and control groups did
not sit the final exam. Rather than treating this nonparticipation as missing data, we interpret
it as informative about learning and engagement, and define outcomes accordingly.” Cash
prizes of USD 500 were awarded to the top third of participants, with incentives announced in
advance to encourage sustained effort. Students also received certificates and access to a global
learning community, ensuring that the experimental design captured meaningful engagement
even among a highly selected and motivated population.

Using data from this randomized controlled trial, we estimate the causal effect of high-
quality online instruction for top mathematics students. To address endogenous participation,
we employ a two-stage least squares framework that instruments course participation with
random assignment.

We report four main findings:

1. Access to advanced training raises learning at the frontier. Intention-to-treat estimates
show that assignment to advanced training increased final-exam performance by 0.16
standard deviations. These average effects are sizable for a scalable intervention, but
mask substantial heterogeneity in engagement and learning outcomes.

2. But engagement varies widely and is difficult to predict. Roughly half of students
assigned to the course participated minimally, while only 15 percent remained fully
engaged throughout the 18-week course. Observable baseline characteristics explain less
than 10 percent of the variation in engagement (R?> ~ 0.10). As a result, engagement
plays a central role in shaping overall learning impacts.

3. For students who persist, learning gains are large and extend to external assessments.
Each additional month of active participation increased final-exam performance by
0.14-0.16 standard deviations, implying learning gains of approximately 0.66 standard
deviations for students who remained fully engaged. These gains are large by educational
standards, particularly given that participants were already among the top mathematics
students in their countries. Consistent with these effects, among a subset of 39 students
who later competed in the International Mathematical Olympiad, assignment to the
course substantially improved performance on the combinatorics problems, with no
effects on participation or on non-combinatorics topics. Despite the limited sample size,
this provides rare experimental evidence that access to advanced training can improve

performance on frontier external assessments.

7Section 5.5 discusses robustness to alternative treatments of exam nonparticipation.



4. Expanding access to advanced training does not mechanically equalize opportunity.
Learning gains are larger for students with higher initial ability and for those in capital
cities and countries with stronger traditions of advanced mathematics training. We find
no evidence of relatively stronger effects for participants in more peripheral locations
or weaker Olympiad environments. These patterns suggest that expanded access to
advanced training may complement existing systems of preparation and support rather
than substitute for them.

Taken together, these findings point to a central tension. When access to advanced training
is no longer the barrier, persistence becomes the binding constraint—even among the world’s
most talented and motivated students. Online education can generate large learning gains for
those who remain engaged, but many do not, and predicting who will persist remains difficult.
As a result, the promise of scalable access to advanced training is only partially realized
in practice. Online education thus appears most effective when combined with conditions
that support persistence, rather than as a standalone solution for scaling elite talent develop-
ment. As Al-driven tools further lower the marginal cost of delivering advanced instruction,
our results suggest that the binding constraint in scaling elite talent may increasingly lie in
persistence rather than in access itself.

This paper contributes to several strands of literature. First, the study contributes to the
emerging literature on the role of talent in innovation and economic growth (e.g., Hsieh et
al. 2019; Bell et al. 2019). Agarwal and Gaule (2020) document the phenomenon of “invisible
geniuses”—talented individuals whose potential remains unrealized due to lack of access to
appropriate educational opportunities—and estimate that alleviating this constraint could
substantially accelerate knowledge production. Related work shows that performance in
mathematics Olympiads strongly predicts subsequent achievement in science and innovation:
Olympiad medalists account for roughly 10 percent of the world’s most prestigious science
prizes, at more than twenty times the rate of top university graduates (Agarwal, Gaule, &
Jiang 2025). However, this literature focuses on outcomes conditional on having already
reached Olympiad-level performance, leaving open the question of how individuals acquire
the advanced problem-solving skills required to reach that frontier.

Second, it adds to the growing body of experimental evidence on technology-aided in-
struction and online learning. Prior randomized evaluations document learning gains from
computer-assisted instruction in primary and secondary schools (Banerjee et al. 2007; Muralid-
haran et al. 2019) and from online or blended courses in higher education (Figlio et al. 2013;
Bettinger et al. 2017; Cacault et al. 2021; Lichand et al. 2022; Kofoed et al. 2024). This literature
establishes that digital delivery can substitute for, or complement, traditional instruction in
mainstream educational settings. However, it provides little evidence on whether scalable
online instruction can effectively develop advanced skills at the extreme upper tail of the ability



distribution. We provide the first experimental evidence on online education for students at
this upper tail—a group that plays a disproportionate role in innovation but has received little
empirical attention.

A recent study by Adajar, Duflo, Ellison, Ellison, and Kannan (2025) also collaborates
with Art of Problem Solving (AoPS), but examines a very different segment of the education
landscape. Their randomized evaluation studies how relatively strong seventh-grade students
in government schools in the Indian state of Tamil Nadu engage with a self-paced AoPS
pre-algebra course, and how design features such as tutoring support or access to computer
labs affect engagement in a low-resource context. While these students are high performers
within their schools, the authors note that they typically begin with mathematics knowledge
comparable to the median American seventh grader.

Third, the study contributes to the literature on interventions for gifted and high-ability
learners. Prior research shows that tracking and targeted programs can improve outcomes
for high-achieving students (Duflo et al. 2011; Card and Giuliano 2014, 2016), but these
interventions typically rely on in-person instruction, specialized institutions, and small peer
groups, limiting their scalability. As a result, this literature offers limited guidance on whether
elite talent can be developed at scale, or on which constraints bind when instructional access is
expanded. Our results show that high-quality virtual instruction can generate large learning
gains for gifted students who remain engaged, while also highlighting important limits to its
reach when engagement is not sustained.

Fourth, the paper contributes to understanding the mechanisms through which online
education affects learning. A large literature documents substantial drop-off in online course
participation, with completion rates in massive open online courses often below 10 percent
(Gong et al. 2021). Most studies treat completion or persistence as outcomes in their own right.
By contrast, our instrumental variables approach separates the effect of access to instruction
from the effect of sustained engagement. We show that average treatment effects mask much
larger returns to engagement, and that persistence remains both limited and difficult to
predict—even in a highly selected and strongly incentivized sample, precisely the setting in
which sustained engagement might have been expected ex ante.

The present study addresses this gap by experimentally evaluating a key upstream input in
the talent development pipeline: access to specialized training in advanced problem-solving.
We show that high-quality virtual instruction can generate large learning gains for students
who remain engaged—including on external competitive assessments—while also highlighting
substantial limits to its reach when engagement is not sustained. In this way, our findings
speak to both the potential and the practical constraints of using technology to expand access
to advanced training in the pre-Olympiad phase.



The remainder of the paper proceeds as follows. Section 2 provides background on mathe-
matics competitions, competition training, and the Art of Problem Solving. Section 3 describes
the experimental design and program implementation, including recruitment procedures,
the intervention, and outcome measurement. Section 4 presents the data sources, baseline
characteristics, and balance tests. Section 5 reports the main results, including intention-to-
treat effects, patterns of engagement and persistence, heterogeneous treatment effects, and
instrumental variable estimates. Section 6 discusses the findings and their implications for the
delivery and support of advanced mathematical instruction.

2. Background

This section describes the international mathematics competition system and the training
environments through which advanced problem-solving skills are typically developed.

2.1. The International Mathematical Olympiad

The International Mathematical Olympiad (IMO) is the most prominent international
mathematics competition for secondary school students. Held annually since 1959, it brings
together teams of up to six students from more than 100 countries. Although participants
represent national teams, all examination work is completed and scored individually. The
competition consists of two examination days, each featuring three newly designed problems
drawn from algebra, number theory, combinatorics, and geometry, with individual problems
scored on a 0-7 scale. Gold, silver, and bronze medals are awarded based on individual total
scores. Because the problem sets are newly created and centrally administered each year, IMO
performance provides a standardized measure of advanced problem-solving ability among a
highly selected group of students. Success at this level requires not only exceptional ability
but sustained preparation over several years.

2.2. The Competition System

Mathematics competitions for secondary school students are held in many countries world-
wide, with a history dating back to the late nineteenth-century Austro-Hungarian Empire (de
Losada and Taylor 2022). These competitions aim to promote mathematical learning, develop
problem-solving skills, and identify exceptional talent. They typically follow a pyramidal struc-
ture: large numbers of students participate at local or regional levels, progressively smaller
groups advance to national competitions, and the highest performers proceed to international



events such as the International Mathematical Olympiad. Beyond selection, competition
systems serve as a primary mechanism through which mathematical ability is identified and
developed.

2.3. Students and Their Motivations

Mathematically gifted secondary school students often seek opportunities to learn mathe-
matics beyond the standard school curriculum. Some pursue advanced topics typically taught
at the undergraduate level.? Others go deeper into "elementary" mathematics—combinatorics,
number theory, algebra, and geometry—which reveal substantial depth when approached
through competition-style problems.

Students participate in competitions for a variety of reasons: the intellectual challenge of
solving difficult problems, opportunities to meet like-minded peers, international travel, and
recognition that may help in university admissions. In China, India, and Brazil, for instance,
outstanding performance in national mathematics competitions can lead to direct admission
to prestigious universities. Some American and British universities also consider competition

results in their admissions decisions, including for international applicants.

2.4. Training for Mathematics Competitions

Success in mathematics competitions typically requires extensive preparation and sustained
practice. In addition to general mathematical aptitude, participants must master a broad range
of problem-solving techniques and learn to apply them flexibly to unfamiliar problems under
time constraints. Because standard school curricula rarely cover this material, most students
depend on extracurricular training—and access to such training varies widely across countries.

In a few places, students attend specialized secondary schools that offer intensive prepara-
tion for high-level competitions.” Much more often, students train outside the formal school
system. One common approach is the mathematics circle, in which an instructor—often a
university professor—meets regularly with students to work through challenging problems
and solution strategies. Other students prepare on their own, work with private tutors, or rely

8The Advanced Placement (AP) program of the U.S. College Board offers university-level curricula and examinations
to high school students in mathematics and other subjects. Students who perform well may receive college credit,
reducing the length and cost of college. Some universities also consider AP results in admissions or financial aid
decisions.

9Some countries have specialized high schools catering to talented students, including boarding facilities where
needed. Examples include the Mathematical Grammar School in Belgrade, Serbia; the Komarovi Physics and Mathematics
School in Tbilisi, Georgia; and the International Computer Science High School of Bucharest in Romania. Outside former
communist countries, such specialized instruction is either unavailable or accessible only through expensive private
institutions.



on online materials, while many countries also organize intensive training camps for their
top performers. Overall, access to high-quality preparation remains unevenly distributed,
and even when access is expanded, sustained engagement often depends on the surrounding

training environment and available support.

2.5. Art of Problem Solving

Art of Problem Solving (AoPS) is a U.S.-based educational company specializing in mathe-
matics education for gifted and highly motivated students. Originally a textbook publisher,
AoPS has expanded to offer online and in-person instructional programs. Its virtual course
platform, AoPS Online, provides live, interactive classes taught by experienced instructors,
complemented by challenging homework and written problems completed asynchronously.

AoPS online courses are widely used in mathematics competition training in the United
States and have a long track record of delivering standardized, high-level instruction to
advanced students, including most members of the US IMO teams in recent years. Outside the
United States, however, participation in AoPS online courses has been more limited. This may
reflect the relatively high cost of enrollment and scheduling constraints, as most classes are
offered in U.S. evening time slots. This limited international reach creates a natural setting
to study whether expanding access to high-quality online instruction can accelerate learning
among high-ability students who would otherwise lack such opportunities.

3. Field Experiment and Implementation

3.1. Recruiting Participants

Our study focuses on the effects of distance learning among students with exceptional
mathematical ability, as identified through national mathematics competitions. Such students
are rare, and the course evaluated in the experiment presupposes substantial prior exposure to
competition-style mathematics and covers material well beyond standard secondary-school
curricula. As a result, the intervention is appropriate only for a narrow group of learners at
the top of the ability distribution, making recruitment a practical challenge. At the same time,
these students represent a population for whom access to advanced training is often limited
by geography, making them a natural group in which to study whether expanding access can
accelerate learning.

To identify students for whom the course content was well matched, we collaborated with
national mathematics olympiad organizations in 44 countries, with a focus on developing
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countries, requesting that they nominate high-performing students based on results in national

Competi’cions.10

At the recruitment stage, students were informed that participation in the program offered
several potential benefits. These included access to high-quality training materials from Art of
Problem Solving, the possibility of enrolling in an 18-week AoPS online course on counting
and probability, and formal recognition through certificates of participation and excellence.
In addition, participants were informed that cash prizes of up to $500 would be awarded
to approximately one third of students, conditional on completing the final assessment and
based on relative performance. These features were intended to encourage participation and
engagement throughout the study period.

Interested students who provided informed consent and completed a baseline survey
were asked to take a selection test prior to randomization. The selection test served two
purposes: first, as an eligibility screen to verify that participants had the prerequisite level of
mathematical preparation; and second, to provide a standardized pre-intervention measure of
mathematical skills and knowledge used in the empirical analysis.

3.2. Intervention

Half of the study participants were randomly assigned to receive access to an advanced
mathematics course.!! The course was delivered online by Art of Problem Solving (AoPS), a
specialized provider of instructional materials and virtual courses for high-ability students.
The course offered in the experiment was identical to AoPS’s commercially available offerings
and drew on the provider’s established approach to teaching advanced mathematics in an
online setting. Course delivery, grading, and student engagement tracking followed AoPS’s
standard operating procedures and were implemented uniformly across cohorts.

Instruction combined weekly live interactive sessions with graded homework assignments.
The course ran for 18 weeks, with one 90-minute session per week delivered through a text-
based online interface. Sessions emphasized problem solving, with instructors presenting
sequences of increasingly challenging problems and providing explanations after students had
attempted solutions. Teaching assistants provided support as needed. Outside of live sessions,
participants completed weekly homework consisting of both automatically graded challenge
problems and written solutions that received individualized feedback. A course-specific online
forum supported asynchronous discussion. A fully engaged student typically devoted several
hours per week to sessions and assignments over the 18-week program.

10Recruitment varied across countries depending on country size, institutional arrangements, and local take-up rates;
Appendix B provides further details.
HThe randomization procedure is described in Section 3.3.
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The course focused on combinatorics, the branch of mathematics concerned with counting.
We selected combinatorics for several reasons: it is one of the four core areas assessed in
mathematics competitions at both national and international levels; it is rarely taught in depth
within standard secondary-school curricula; it has broad applications in computer science,
statistics, and related fields; and it aligns well with the AoPS instructional approach, which
emphasizes learning through problem solving. The course assumed prior mastery of algebra
and familiarity with introductory counting and probability concepts.!?

Participants assigned to the control group were provided free access to an Art of Problem
Solving e-book and an accompanying study plan. The e-book, which also served as the
textbook for course participants,'® covered the same subject matter as the course. The study
plan outlined suggested readings and exercises drawn from the book but did not include
live instruction, graded assignments, or feedback. Appendix B documents that independent
enrollment in similar AoPS courses during the study period was extremely rare among study
participants.

In summary, the intervention created a contrast between access to a structured, instructor-
led online course in advanced combinatorics and access to self-directed study materials
covering the same content. Appendix B provides additional detail on course content and
instructional format.

3.3. Study Design and Randomization

Upon completing a consent form, passing the selection test, and finishing the baseline
survey, students were enrolled in the study and randomly assigned to treatment and control
groups. Students were grouped into strata (matched quadruplets) based on their selection test
score.!* Within each stratum, two students were randomly assigned to receive access to the
virtual course and two to the control condition.

This stratified randomization approach was chosen to maximize statistical power by bal-
ancing treatment assignment on a strong predictor of learning outcomes (Bruhn and McKenzie
2009; Duflo, Glennerster, and Kremer 2007). In addition, because the analysis includes stratum
fixed effects, using strata of four rather than matched pairs reduces the number of observations
lost to attrition at endline. Following recent guidance emphasizing the advantages of larger
strata in the presence of attrition, we therefore implemented randomization within matched

12Topics covered in the course included inclusion—exclusion, recursion, conditional probability, generating functions,
and introductory graph theory, as well as standard combinatorial tools such as permutations, combinations, Pascal’s
triangle, combinatorial identities, and the Binomial Theorem.

13Course participants received automatic access to the e-book as part of their enrollment.

14When more than four students had identical test scores, we used country IMO rankings as an additional stratification
variable.
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quadruplets (Bai et al. 2024; McKenzie 2022).

3.4. Measurement of Learning Outcomes

We measured learning outcomes using a dedicated final exam administered approximately
20 weeks after the program began. The exam was designed to assess problem-solving ability
in advanced combinatorics and related topics covered in the course and serves as the primary
learning outcome in the analysis.

To ensure appropriate difficulty and relevance for the study population, we commissioned
an expert mathematician to design a set of original problems specifically for this assessment.
The exam was administered uniformly to students in both treatment and control groups and
was independent of AoPS course materials. Appendix B describes the design, administration,
grading, and integrity safeguards of the final exam in detail.

3.5. Implementation

The randomized trial was implemented by Global Talent Fund (formerly called Global
Talent Network), a nonprofit organization we cofounded. The trial was registered in the AEA
RCT Registry in April 2023.

Students participated in one of four cohorts. The first cohort began in April 2023, followed
by cohorts starting in September 2023, March 2024, and September 2024. In each case, students
participated in the program for approximately five months, culminating in the final assessment.

The first cohort, comprising 77 students from three countries (the Philippines, Malaysia,
and Mongolia), served as a pilot to inform the implementation of subsequent cohorts.!®> From
the second cohort onward, we implemented the selection test as a screening device and
baseline measure of ability. In addition, we invited prospective participants to take part in a
two-day AoPS workshop prior to enrollment.!® Figure 1 shows the geographic distribution of
participants across cohorts.

AoPS implemented the instructional component of the intervention using its standard
course infrastructure. AoPS had no role in the study design, randomization, outcome con-
struction, or statistical analysis. Learning outcomes were assessed using exams designed and
graded independently of AoPS, and all empirical analysis was conducted by the authors.

15The pilot cohort featured simplified recruitment procedures and larger cash incentives, with prizes of $1,000 awarded
to top performers.

16The workshop provided students with a sample of the instructional approach used in the course and allowed us
to observe engagement in a low-stakes setting, while ensuring that all participants received a tangible benefit from
participation.



13

4. Data

This section describes the data we use for the experimental analysis. We draw on several
sources: administrative records from the registration process and selection tests, a baseline
survey of participants, detailed AoPS course engagement data, and results from the final
exams that we administered. After describing these data sources, we present descriptive
statistics on participant characteristics and test for balance across the treatment and control

groups.

4.1. Sources

Registration and Baseline Survey. As part of the study registration process, we collected basic
participant information, including name, contact details, and country of residence. Partici-
pants also completed a baseline survey covering demographic characteristics, socioeconomic
background, prior competition experience, and English proficiency. Following registration,
participants were invited to take part in a selection test.

Selection Test. Beginning with the second cohort, we administered a standardized selection
test prior to randomization to measure baseline mathematical ability. For the first cohort, which
served as a pilot, baseline ability was proxied using available national competition outcomes
or training camp results, standardized within country. For a small number of participants for
whom no such measure was available, we assigned the sample median. Details are provided
in Appendix B.

Course Engagement Data. As part of its standard practice, Art of Problem Solving (AoPS)
systematically records participant activity using platform-generated administrative data,
allowing us to observe engagement on a weekly basis. Engagement data primarily reflects
completion of graded problem sets rather than attendance at live sessions, is available on a
weekly basis, and is color-coded as follows: blue (mastery), green (pass), orange (engaged but
struggled), and red (non-engagement). Through our collaboration with AoPS, we obtained
teacher-level access to participation metrics for the study participants. In this paper, we focus
on the number of weeks during which students remained engaged in the course. Because our
interest lies in measuring sustained effort rather than mastery, students coded as ‘engaged but
struggled’ are treated as engaged.

Book Engagement Data. Students assigned to the control group received access to an AoPS
ebook covering the same mathematical content as the virtual course. As an interactive online
document rather than a static PDF, the ebook platform automatically tracks which content
fragments each student viewed. Through our collaboration with AoPS, we obtained fragment-
level engagement data for all control-group participants. The ebook contains 134 fragments,
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and we measure engagement as the share of fragments viewed. This metric captures breadth
of exposure to the material, though it does not distinguish between superficial clicking and
careful reading.

Final Exam. Final exam results are available for all participants who sat the exam. As
students participated in one of four cohorts, there are four distinct final exams. To account
for differences in test difficulty across cohorts, we standardize scores to have mean zero and
variance one. Students who did not take the final exam (around 40% of the sample) are coded
as having an outcome of zero in the main analysis, treating exam non-participation as an
informative outcome rather than as missing data. Attrition rates are similar across treatment
and control groups. We examine the determinants of non-participation and assess robustness
to alternative treatments of missing data in Section 5.5.

International Mathematical Olympiad Outcomes. As a secondary outcome, we link study
participants to publicly available records from the International Mathematical Olympiad
(IMO), which report participation and problem-level scores for each competitor. These data
provide an external, independently administered measure of advanced mathematical problem-
solving ability. Because IMO participation and timing vary across countries and cohorts, we
examine outcomes in the first IMO occurring after the intervention and account for timing
differences using cohort fixed effects. Details on data matching and problem classification are
provided in Appendix B.10.

4.2. Baseline Characteristics and Balance Tests

Table 1 presents summary statistics on the baseline characteristics of study participants for
the pooled sample and separately for the control and treatment groups.

Baseline Characteristics. Study participants were in their mid-teens, with an average age
of 16.5 years, and 23% were female. They came from relatively advantaged socio-economic
backgrounds: 76% had at least one parent with a university degree, and more than half had
traveled internationally outside of competitions. Most participants were well-positioned to
learn remotely, with 95% having internet access at home and 90% having access to a computer.
Moreover, more than 90% reported intermediate or advanced proficiency in English.

Participants had substantial prior exposure to mathematics competitions, with an average
of 4.7 years of experience, and performed well on the selection test, solving on average five
of the nine problems presented. However, there was considerable variation in participants’
learning environments. Roughly half were based in their country’s capital city, while the
others lived elsewhere. Participants came from countries with varying competition experience,
ranging from long-established programs (e.g., Bulgaria, Mongolia) to beginners (e.g., Ethiopia).
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Balance Tests. The final column of Table 1 reports p-values from tests of mean differences
between the treatment and control groups for each variable. Baseline characteristics were
generally balanced between the treatment and control groups, as expected under random
assignment. The treatment group was slightly older and more likely to have traveled inter-
nationally. However, variables more likely to be predictive of final exam outcomes—such as
performance on the selection test and years of competition experience—were closely balanced.

5. Results

5.1. Intention-To-Treat Effects

Specification. We estimate the intention-to-treat (ITT) effect of the intervention using the
following specification:
Y; = B Treat; + a; + v X + ¢, )

where Y; denotes the final exam score, normalized to have mean zero and variance one; Treat;
is an indicator for assignment to the treatment group; «; captures fixed effects for small strata;
and X; is a vector of additional baseline controls. Our preregistered specification includes
stratum fixed effects (xl-17 but excludes additional controls. As a robustness exercise, we present
these preregistered results alongside specifications that include baseline controls X; as well as
a parsimonious regression of outcomes on the treatment indicator Treat; only.

Results. Table 2 reports the intention-to-treat effects on learning. Students assigned to the
virtual course score 0.165 standard deviations higher on the final exam (column 2), a statistically
significant effect at the 5 percent level. Estimates are very similar in the specification without
strata fixed effects (0.150 standard deviations), and the specification including baseline controls
yields a slightly larger effect of 0.173 standard deviations.

5.2. Heterogeneous Effects

We examine whether treatment effects vary across student subgroups. Table 3 reports
estimates separately by training environment—specifically, whether the student’s country
has a strong national mathematical olympiad tradition and whether they are located in the
capital—and by baseline ability, proxied by the selection test. These analyses provide evidence
on potential mechanisms underlying the intervention and inform the design and targeting of
related programs.

By the Quality of the Environment. When we designed the experiment, we hypothesized

7The stratum fixed effects correspond to the matched quadruplets used in randomization
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that the intervention might be particularly beneficial for students with more limited training
opportunities, potentially leveling the playing field. We operationalize training environment
using each country’s recent performance in the International Mathematical Olympiad (IMO),
measured by its most recent IMO rank. Students from countries with stronger IMO perfor-
mance exhibit an estimated positive effect of 0.196 standard deviations, compared to 0.093
standard deviations for students from countries with weaker IMO performance. However, this
difference is not statistically significant (p = 0.521), providing no evidence that the treatment
effect varies systematically with the strength of a country’s training environment. Similarly, the
estimated effect is 0.269 standard deviations for students in capital cities and 0.048 standard
deviations for those outside the capital, with the difference again not statistically significant (p
=0.172). Overall, the data do not provide evidence of systematically larger effects for students
in weaker environments. If anything, the point estimates are larger for students with stronger
existing training environments, although these differences are not statistically significant.

By Ability. We also examine heterogeneity by prior ability. While we recruited high
achievers with solid foundations, there remains substantial variation within the sample, as
reflected in selection-test scores. The estimated effect is 0.254 standard deviations for students
scoring above the median on the selection test and 0.006 standard deviations for those scoring
below the median. The difference between these two effects is marginally significant (p =
0.097), suggesting that the intervention may have been more effective for students with higher
baseline preparation.

5.3. Predictors of Engagement

So far, we have examined the overall effect of assignment to the virtual course. However,
engagement among students assigned to the treatment varied substantially in intensity. Using
administrative data from AoPS, we are able to track course engagement with a high degree of
precision.

Figure 2 displays the distribution of engagement, measured in months, among students
who were offered access to the course.!® Average engagement in this group was approximately
one month. However, the distribution is sharply bimodal: roughly half of students engaged
minimally (one week or less), while about 15 percent remained active for the full course
duration, with the remaining students exhibiting intermediate levels of participation. This
pattern indicates substantial heterogeneity in how students respond once access is provided,
underscoring the importance of understanding engagement as a distinct margin of response.

Table 4 examines the correlates of engagement intensity, measured as the number of
months of active participation. The strongest and most consistent predictor of engagement

8Figure A.3 provides an alternative visualization.
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is the selection-test score. A one-standard deviation increase in the selection-test score is
associated with 0.27 additional months of engagement in the bivariate specification and 0.19
additional months when demographic and socioeconomic controls are included. This pattern
indicates that students with stronger prior preparation were more likely to persist with the
course.

Among the additional covariates, being female is associated with lower measured en-
gagement (-0.43 months), a difference that is statistically significant at the 5 percent level.
Other baseline characteristics—including age, English fluency, prior competition experience,
socioeconomic background, parental education, and country-level IMO performance—are not
significantly related to engagement.

Overall, the explanatory power of these regressions is modest: the full specification explains
approximately 9 percent of the variation in engagement. This suggests that, even among a
highly selected group of students, predicting ex ante who will remain actively engaged with
the course is difficult.

5.4. Instrumental Variables Estimates

The experimental design furnishes a valid instrument for addressing the endogeneity of
course engagement. While the intention-to-treat (ITT) specification identifies the effect of
assignment to the course, we are also interested in recovering the causal effect of actual engage-
ment on outcomes. Direct OLS estimation is inconsistent because engagement is endogenous:
students who choose to engage more intensively may differ systematically in both observed
and unobserved characteristics correlated with outcomes.

We therefore implement a two-stage least squares (2SLS) strategy, using randomized
assignment to the course as an instrument for engagement. The first stage estimates the causal
effect of assignment on engagement:

L; = mt Treat; + «; + 5TX1' + u;, 2)

where L; denotes engagement, Treat; is the randomized offer, and «; and X; represent fixed
effects and baseline covariates, respectively.

The second stage then regresses outcomes on the fitted values of engagement:

Y; = [3/[:1 +061'—|—’)/TX1'-|-81'. 3)

Under the standard IV assumptions—exclusion, relevance, monotonicity, and random
assignment ensuring independence—p identifies the Local Average Treatment Effect (LATE):
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the causal effect of engagement for compliers, i.e. students whose engagement status is shifted
by the randomized offer.

Table 5 presents the two-stage least-squares (2SLS) estimates of the effect of course en-
gagement on final exam performance. Across specifications, each additional month of course
engagement increases standardized final-exam scores by 0.14-0.16 standard deviations. These
estimates are larger than the ITT effects reported in Table 2, consistent with the fact that not all
students assigned to the virtual course engaged with the material.

The specification including strata fixed effects (column 2) yields an estimated effect of 0.157
standard deviations per month of engagement, significant at the 5 percent level. Adding the
full set of baseline controls (column 3) produces a very similar estimate of 0.165 standard
deviations, significant at the 1 percent level. The stability of these estimates across specifications
reinforces their robustness.

Because engagement is instrumented with random assignment to the virtual course, these
estimates capture the causal effect of engagement for compliers—students who would engage
with the course if offered access but would not otherwise. The strong first-stage relationship
(approximately one additional month of engagement per assignment; F-statistics above 160)
provides confidence in the relevance of the instrument.

The magnitude of these effects is meaningful. The course ran for 18 weeks—approximately
4.5 months—implying that a student who remained engaged throughout would improve
their final exam score by about 0.6-0.7 standard deviations relative to no engagement. As
reported in Section 5.3, about 15 percent of students assigned to the course achieved this level
of engagement. Even partial engagement yields nontrivial benefits: two months of active
participation correspond to gains of roughly 0.3 standard deviations.

5.5. Missing Final Exam Scores and Robustness

Approximately 40 percent of participants did not take the final exam. In the main analysis
(Tables 2-5), we code missing final-exam scores as zero, interpreting nonparticipation as an
absence of demonstrated mastery.! This coding choice avoids imposing model-based assump-
tions about unobserved outcomes, but if attrition differs systematically between treatment
and control groups, the estimated effects could be biased. We therefore examine both the
determinants of missingness and the robustness of our results to alternative assumptions

about missing outcomes.

YA related approach is used by Angrist, Bettinger, and Kremer (2006), who address selective test-taking by constructing
outcome measures that assign non-test-takers a score of zero. By assigning the same outcome to treated and control
students who do not take the exam, this coding implicitly assumes that the treatment has no effect among non-test-takers.
To the extent that some treated non-test-takers benefited from the course, the resulting estimates should be interpreted as
a lower bound on the treatment effect.
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Table A1 shows that assignment to the virtual course does not predict missingness: students
assigned to the course are no more or less likely to take the final exam than students in the
control group. The only robust predictor of nonparticipation is baseline performance—students
with lower selection-test scores are significantly less likely to complete the final exam. This
pattern suggests that missingness primarily reflects differences in ability rather than selective
attrition induced by treatment. Moreover, there is no evidence that treatment assignment
interacts systematically with baseline characteristics in predicting exam participation.

Table A2 examines the relationship between engagement with the assigned learning ma-
terials and final exam participation within each treatment arm. Among students assigned
to the virtual course, each additional month of active engagement is associated with a 12
percentage point reduction in the probability of missing the final exam (p<0.01). Similarly,
among control-group students, greater engagement with the ebook is strongly associated with
lower rates of exam non-participation: a 10 percentage point increase in the share of the book
read corresponds to a 5 percentage point reduction in the probability of missing the exam
(p<0.01).

Students with weaker baseline preparation are disproportionately likely to be missing
final exam scores, while higher-performing students face strong incentives to complete the
assessment. Engagement patterns further support this interpretation: as shown in Table
A2, non-test-takers exhibit substantially lower engagement with the learning materials in
both treatment arms. Students who did not take the exam are thus characterized by both
weaker baseline preparation and limited engagement with the course or ebook. Taken together,
baseline performance and engagement patterns indicate that missing outcomes are unlikely
to correspond to a meaningful share of high-achieving students. Nevertheless, we assess the
sensitivity of our results to alternative treatments of missing data.

Table A3 reports intention-to-treat estimates under a range of assumptions about missing
final-exam scores.?? In addition to the baseline coding of missing scores as zero, we consider
three percentile-based imputations that assign missing outcomes the 25th, 50th (median), and
75th percentiles of the control-group score distribution, as well as a model-based imputa-
tion using predictions from baseline covariates. As the imputed value assigned to missing
observations increases, the estimated treatment effect declines monotonically, as expected
mechanically. Importantly, the estimated effect remains positive and statistically significant

20A natural alternative approach is to report Lee (2009) bounds for selective observation. In our setting, however, such
bounds are not especially informative. Assignment has essentially no effect on exam participation (Table A1), so Lee-type
trimming is driven by small differences in observed participation rates and is sensitive to sampling variation. With
approximately 40 percent of outcomes missing, the resulting bounds are wide and, in finite samples, can easily include
negative values, limiting their ability to sharpen inference. In addition, implementing trimming in a manner consistent
with the stratified randomization would require applying it within strata, which further increases variability given cell
sizes. For these reasons, we do not report Lee bounds and focus on full-sample intention-to-treat estimates and the
sensitivity analyses in Table A3, which directly assess robustness to economically meaningful alternative assumptions
about missing outcomes.
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under all plausible imputations, including the 25th- and 50th-percentile assignments and the
model-based imputation. Only under the extreme assumption that missing students would
have performed at the 75th percentile of the control distribution does the estimate become

marginally insignificant.

Overall, these results indicate that the main findings are not sensitive to the treatment of
missing outcomes. The persistence of positive and substantively meaningful effects under
a wide range of alternative assumptions—together with evidence that attrition is related to
baseline ability rather than treatment status—supports the robustness of the main conclusions.

5.6. International Mathematical Olympiad Outcomes

We also examine whether access to the virtual course is associated with subsequent perfor-
mance in high-level mathematics competitions. Table 6 reports effects on participation and
outcomes in the next International Mathematical Olympiad (IMO)?!, widely regarded as the
most prestigious and difficult mathematics competition for secondary school students. Only
39 students in our sample went on to compete in the next IMO, so these results should be
interpreted cautiously.

We find no effect on the likelihood of participating in the IMO (Column 1). The control
mean is 0.071, and the estimated coefficient is close to zero and statistically insignificant.
Because IMO participation is a rare binary outcome, the experiment has limited power to
detect modest effects on this margin. Although gains in ability might be expected to influence
selection outcomes, national selection exams may emphasize topics other than combinatorics
or may not finely rank students at the top of the distribution, reducing the extent to which
such gains affect the likelihood of progressing to the IMO.

Conditional on participating, we detect a statistically significant increase in performance on
the combinatorics problem (Column 2). The point estimate of 2.83 points (p < 0.05) represents
a substantial share of the control mean of 5.96. Given the difficulty of IMO items—typically
scored on a 0-7 scale and designed to differentiate among extremely well-prepared stu-
dents—this improvement suggests that the course content translated into enhanced perfor-
mance in settings requiring advanced combinatorial reasoning.

By contrast, we find no evidence of effects on non-combinatorics topics such as geometry,
number theory, and algebra (Column 3). The point estimate of -0.37 is small relative to the
control mean of 6.91 and statistically insignificant, consistent with the domain-specific nature

2IThe timing of the intervention implies different IMO cycles across cohorts: Cohort 1 (treated in Spring 2023) could in
principle be selected for IMO 2023; Cohorts 2 and 3 (treated in Fall 2023 and Spring 2024) correspond to IMO 2024; and
Cohort 4 (treated in Fall 2024) corresponds to IMO 2025. The regressions include cohort fixed effects to absorb these
timing differences.
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of the instruction.

Overall, although based on a small sample, these results suggest that the gains documented
in the previous subsections extend to external assessments of advanced combinatorial problem-
solving, while remaining limited to the domain targeted by the course. This provides rare
experimental evidence that online instruction can potentially improve performance at the
frontier of secondary-school mathematics.

6. Conclusion

This paper asks whether expanding access to advanced training can accelerate learning
among individuals with exceptional ability, and what limits the realization of large gains when
access is provided. The question matters because exceptional talent drives a disproportionate
share of innovation and scientific progress, yet many individuals with high ability may never
realize their potential. While access to advanced instruction has traditionally been concentrated
in a small number of elite institutions, scalable technologies offer a way to relax this constraint.
Yet little causal evidence exists on how frontier learning responds when access is expanded, or
on which constraints become binding once it is.

Using a randomized expansion of access to advanced problem-solving instruction for 620
highly selected students across 44 countries, we document four main findings.

First, large learning gains at the frontier are achievable through scalable online instruction.
Assignment to high-quality remote instruction raises performance on an advanced mathemat-
ics exam by 0.16 standard deviations, and for students who remain engaged throughout the
18-week course, learning gains are large—on the order of 0.66 standard deviations. These gains
extend beyond the study’s assessment: among students who later compete in the International
Mathematical Olympiad, those assigned to the course perform substantially better on the
relevant combinatorics problems—an increase of roughly 50 percent relative to the control
mean. Taken together, these results suggest that realizing exceptional ability does not inherently

require dense, in-person elite environments.

Second, when access to advanced training is expanded, sustained engagement—rather
than instructional quality alone—emerges as a binding constraint. Although access raises
learning on average, aggregate gains fall far short of what is achievable because many students
disengage. Roughly half of students assigned to the course participated minimally, while only
15 percent remained fully engaged throughout the 18-week course. This occurs despite the
fact that participants are drawn from a highly selected population with demonstrated ability,
strong intrinsic motivation, and explicit financial incentives. These patterns suggest that a key
limitation may be sustaining effort once access is provided.
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Third, sustained engagement is neither easily predicted nor readily induced. Observable
baseline characteristics explain less than 10 percent of the variation in participation, while
engagement during the program is highly informative about learning returns. This combi-
nation—large potential gains, weak ex ante predictability, and strong ex post signals—raises
questions about static approaches to identifying and investing in exceptional ability.

Fourth, expanding access to advanced training does not mechanically equalize opportunity
at the frontier. Learning gains are no larger for students outside capital cities or from countries
with weaker traditions of advanced mathematics training. If anything, effects are larger for
students with stronger existing preparation. These patterns suggest that expanded access to
advanced training may complement existing systems of preparation and support, rather than
substituting for them.

These findings have implications for programs aimed at developing advanced talent.
Expanding access can relax an important constraint, but it does not by itself ensure sustained
learning. Because returns to engagement are potentially large yet persistence is difficult to
predict in advance, programs that allocate resources primarily based on baseline characteristics
risk both overinvesting in participants who disengage and underinvesting in those whose
engagement would materialize with continued exposure. One alternative is to provide broad
initial access, observe engagement and progress, and adjust investment accordingly.?? The
heterogeneity in our results also suggests that scalable instruction is likely to be more effective

when combined with conditions that support sustained engagement.?®

These results also speak to current optimism surrounding artificial intelligence and per-
sonalized learning technologies. While such tools may further reduce the cost of delivering
advanced training, our findings suggest that lowering instructional costs alone does not ad-
dress the persistence challenge. Even among highly motivated, high-ability students with free
access to excellent content, sustained engagement remains difficult to achieve. At the same
time, whether current engagement rates are discouraging or promising depends partly on
scale and cost. Even 15 percent full engagement, applied to a global population of high-ability
students at low marginal cost, would represent a substantial expansion of realized potential
relative to a world in which most such students lack access entirely. But realizing this potential
at scale will depend not only on technological advances that lower costs but on complementary

structures that support persistence.24

22This logic mirrors approaches in other domains where initial promise poorly predicts subsequent perfor-
mance. A well-known example comes from football manager Brian Clough, who emphasized continuous reassess-
ment—reinvesting in players who demonstrated sustained effort rather than relying on initial reputation alone.

23We cannot rule out that alternative program designs—such as different incentive structures, gamification, shorter
modules, or more intensive accountability—might improve persistence. But it is notable that engagement remained
limited even in a setting designed to be favorable: highly selected and motivated students, directly relevant content, a
leading provider, and meaningful financial incentives. This suggests that sustaining engagement on demanding material
may be even more challenging than commonly assumed.

24This is consistent with the possibility that elite assessments like the International Mathematical Olympiad select on
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While our study focuses on students at the extreme upper tail of the ability distribution,
some findings may have broader relevance. First, if persistence is difficult to sustain even
among highly motivated, strongly incentivized students, it is likely to be at least as challenging
in less selected populations. Second, the finding that online instruction appears to complement
rather than substitute for local support structures may apply more generally: students at any
level may benefit more from online resources when they have access to mentors, peers, or
supportive environments. Third, the logic of dynamic allocation—providing broad initial
access and adjusting investment based on revealed engagement—may be relevant for talent
development beyond the settings studied here. To the extent that what sustains engagement
varies across individuals, this suggests value in experimentation with different approaches
rather than reliance on fixed program designs.

Overall, the evidence points to a cautiously optimistic conclusion. Learning at the frontier
can be accelerated through scalable instruction, and large gains are potentially attainable even
at the extreme upper tail of the ability distribution. But expanding access is only one step. Even
when advanced training is available, many individuals with exceptional ability may never real-
ize their potential because sustained engagement is difficult to maintain. Understanding—and
designing for—the constraints that emerge after access is relaxed is therefore central to develop-
ing exceptional ability at scale. Viewed through this lens, effective talent development systems
must address both sides of the equation: the supply of advanced training, which scalable
technologies can increasingly provide at lower cost, and the demand-side forces—motivation,
persistence, and supportive environments—that determine whether individuals ultimately
benefit from that training.

persistence as much as on ability. If so, expanding access to advanced training shifts the bottleneck from identifying who
has ability to identifying—or inducing—who will persist.



24

References

[1] Adajar, P. M., Duflo, E., Ellison, G., Ellison, S. E, & Kannan, H. (2025). Identifying and
Nurturing Math Talent: Evidence from Tamil Nadu. Unpublished Manuscript, Massachusetts
Institute of Technology.

[2] Agarwal, R., & Gaule, P. (2020). Invisible Geniuses: Could the Knowledge Frontier Advance
Faster? American Economic Review, 110(3), 1068-1105.

[3] Agarwal, R, Ganguli, I., Gaule, P., & Smith, G. (2023). Why U.S. immigration matters for the
global advancement of science. Research Policy, 52(1), 104659.

[4] Agarwal, R., Gaule, P, & Jiang, Y. (2025). Finding Young Einsteins: Olympiads and STEM
Talent Discovery. Mimeo, University of Bristol.

[5] Angrist, ]. D., Bettinger, E., & Kremer, M. (2006). Long-Term Educational Consequences of
Secondary School Vouchers: Evidence from Administrative Records in Colombia. American
Economic Review, 96(3), 847-862.

[6] Bai, Y., Hsieh, M. H., Liu, J., & Tabord-Meehan, M. (2024). Revisiting the Analysis of Matched-
Pair and Stratified Experiments in the Presence of Attrition. Journal of Applied Econometrics,
39(2), 256-268.

[7] Banerjee, A. V., Cole, S., Duflo, E., & Linden, L. (2007). Remedying Education: Evidence from
Two Randomized Experiments in India. The Quarterly Journal of Economics, 122(3), 1235-1264.

[8] Bell, A., Chetty, R., Jaravel, X., Petkova, N., & Van Reenen, J. (2019). Who Becomes an Inventor
in America? The Importance of Exposure to Innovation. The Quarterly Journal of Economics,
134(2), 647-713.

[9] Beheshti, R. (2018). Maryam Mirzakhani (1977-2017). Notices of the American Mathematical
Society, 65(10), 1221-1240.

[10] Bettinger, E. P., Fox, L., Loeb, S., & Taylor, E. S. (2017). Virtual Classrooms: How Online College
Courses Affect Student Success. American Economic Review, 107(9), 2855-2875.

[11] Bruhn, M., & McKenzie, D. (2009). In Pursuit of Balance: Randomization in Practice in
Development Field Experiments. American Economic Journal: Applied Economics, 1(4), 200-232.

[12] Cacault, M. P,, Hildebrand, C., Laurent-Lucchetti, J., & Pellizzari, M. (2021). Distance Learn-
ing in Higher Education: Evidence from a Randomized Experiment. Journal of the European
Economic Association, 19(4), 2322-2372.

[13] Card, D., & Giuliano, L. (2014). Does Gifted Education Work? For Which Students? Technical
Report w20453, National Bureau of Economic Research, Cambridge, MA.



25

[14] Card, D., & Giuliano, L. (2016). Can Tracking Raise the Test Scores of High-Ability Minority
Students? American Economic Review, 106(10), 2783-2816.

[15] de Losada, M. E,, & Taylor, P. J. (2022). Perspectives on Mathematics Competitions and Their
Relationship with Mathematics Education. ZDM-Mathematics Education, 54(5), 941-959.

[16] Dulflo, E., Dupas, P., & Kremer, M. (2011). Peer Effects, Teacher Incentives, and the Impact
of Tracking: Evidence from a Randomized Evaluation in Kenya. American Economic Review,
101(5), 1739-1774.

[17] Dulflo, E., Glennerster, R., & Kremer, M. (2007). Using Randomization in Development Eco-
nomics Research: A Toolkit. In T. P. Schultz & J. A. Strauss (Eds.), Handbook of Development
Economics (Vol. 4, pp. 3895-3962). Elsevier.

[18] Figlio, D., Rush, M., & Yin, L. (2013). Is It Live or Is It Internet? Experimental Estimates of the
Effects of Online Instruction on Student Learning. Journal of Labor Economics, 31(4), 763-784.

[19] Gong, ]., Liu, T. X., & Tang, J. (2021). How Monetary Incentives Improve Outcomes in MOOCs:
Evidence from a Field Experiment. Journal of Economic Behavior & Organization, 190, 905-921.

[20] Hsieh, C.-T., Hurst, E., Jones, C. 1., & Klenow, P. J. (2019). The Allocation of Talent and U.S.
Economic Growth. Econometrica, 87(5), 1439-1474.

[21] Kofoed, M. S., Gebhart, L., Gilmore, D., & Moschitto, R. (2024). Zooming to Class? Experi-
mental Evidence on College Students” Online Learning During Covid-19. American Economic
Review: Insights, 6(3), 324-340.

[22] Lee, D. S. (2009). Training, Wages, and Sample Selection: Estimating Sharp Bounds on Treat-
ment Effects. Review of Economic Studies, 76(3), 1071-1102.

[23] Lichand, G., Doria, C. A., Leal-Neto, O., & Fernandes, J. P. C. (2022). The Impacts of Remote
Learning in Secondary Education During the Pandemic in Brazil. Nature Human Behaviour,
6(8), 1079-1086.

[24] McKenzie, D. (2022). Why I Am Now More Cautious About Using or Recommending Matched
Pair Randomization and Like Matched Quadruplets Instead. World Bank Development Impact
Blog.

[25] Muralidharan, K., Singh, A., & Ganimian, A. J. (2019). Disrupting Education? Experimental
Evidence on Technology-Aided Instruction in India. American Economic Review, 109(4), 1426~
1460.



Tables

Table 1: Summary Statistics and Balance Tests
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Pooled Control (0) Treatment (1) p-value
Mean Mean  SD N Mean SD N ofT-C
(1) (2) 3) 4) 5) (6) (7) Difference
(8)
Panel A. Demographics
Female 0231 0226 0423 310 0235 0423 310 0.774
Age 16.518 16.632 1144 310 16.403 1.127 310 0.013
Panel B. Online Learning Prerequisites
English fluency= beginner 0.075  0.068 0246 310 0.081 0.264 310 0.527
English fluency= intermediate 0352 0368 0475 310 0335 0475 310 0.364
English fluency= advanced 0575 0565 0493 310 0.584 0493 310 0.341
Internet at home 0957 0965 0.194 310 0948 0.229 310 0.295
Family owns computer 0902 0916 0282 310 0.887 0317 310 0.205
Panel C. Socio-Economic Background
Parent has university degree 0763 0.784 0405 310 0.742 0.440 310 0.178
Family owns car 0726 0735 0440 310 0.716 0458 310 0.562
Sleeps in own room 0554 0568 0493 310 0539 0493 310 0.426
Has traveled internationally 0570  0.613 0493 310 0526 0493 310 0.019
Panel D. Preparation and Context
Country IMO rank (lower = better) 57.075 57.855 31.517 310 56.294 31.164 310 0.756
Lives in capital city 0453 0474 0493 310 0432 0493 310 0.267
Competition experience 4719 4790 2254 310 4.648 2.095 310 0.151
Selection test score (standardized) 0.000 -0.009 0951 310 0.009 0951 310 0.971

Notes: F-test of joint significance of all differences between treatment and control groups: F = 1.368 (N =

620), excluding one English fluency category to avoid multicollinearity.
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Table 2: Effect of the Virtual Course Offer on Final Exam Score

Final exam score (standardized)

(1) 2) 3)

Assigned to virtual course 0.150* 0.165** 0.173**
(0.080) (0.073) (0.073)
Controls No No Yes
Strata FE No Yes Yes
Observations 620 620 620
R? 0.006 0.386 0.402

Notes: This table reports intention-to-treat estimates of the effect of assignment to the virtual course on
standardized final-exam scores (mean = 0, SD = 1). Students who did not take the final exam are coded
as having an outcome of zero, treating exam non-participation as an informative outcome rather than as
missing test scores. Column 1 includes no controls, Column 2 adds strata (matched-quadruplet) fixed
effects, and Column 3 includes baseline covariates (country IMO rank, years of competition experience,
gender, age, capital-city indicator, parental education, socioeconomic index, and English fluency) in
addition to the strata fixed effects. Robust (Eicker-Huber-White) standard errors in parentheses.

*p <01, p<0.05 **p <0.01
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Table 3: Heterogeneous Effects of the Virtual Course Offer

Final exam score (standardized)

Math tradition Location Selection score
) (2) ) (4) () (6)
strong weaker capital outside high low

Assigned to 0.196 0.093 0.269** 0.048 0.254** 0.006
virtual course (0.127) (0.100) (0.119) (0.109) (0.118) (0.093)
Observations 300 320 281 339 337 283
R? 0.008 0.003 0.018 0.001 0.014 0.000
p-value (equality 0.521 0.172 0.097

across subgroups)

Notes: This table reports intention-to-treat estimates by subgroup. The dependent variable is the standardized final-exam
score; students who did not take the final exam are assigned a score of zero. Specifications exclude strata fixed effects
as subgroup analysis would result in too few observations per stratum, leading to substantial sample attrition. Each
column reports a separate regression without additional controls or strata fixed effects. Columns 1-2 split the sample by
whether students are from countries with stronger versus weaker mathematical olympiad traditions, based on whether
a country’s IMO rank is better (below-median rank) or worse (above-median rank). Columns 3—4 split the sample by
whether students are based in their country’s capital city. Columns 5-6 split the sample by whether students scored
above or below the median on the selection test. The reported p-values test equality of treatment effects across each pair
of subgroups. Robust standard errors in parentheses.

*p <01, p <005 ** p < 0.0



Table 4: Predictors of Engagement with the Virtual Course

Months of course engagement

1) 2)
Selection test score (standardized) 0.2727%** 0.193**
(0.085) (0.089)
Country IMO rank (lower=better) -0.004
(0.003)
Competition experience 0.039
(0.044)
Female -0.428**
(0.195)
Age -0.061
(0.072)
Lives in capital city -0.187
(0.164)
Socioeconomic index 0.107
(0.069)
Parent has university degree 0.109
(0.190)
English fluency = beginner 0.081
(0.312)
English fluency = intermediate -0.092
(0.183)
Observations 310 310
R? 0.032 0.086
Dependent variable mean 1.06 1.06

Notes: The sample is restricted to students assigned to the virtual course. The dependent variable is the number
of months of active engagement with the virtual course, derived from AoPS participation data. Column 1
includes only the selection test score; Column 2 adds demographic and socioeconomic controls. Robust standard
errors in parentheses.

*p<01,* p <005 ** p <001
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Table 5: Effect of Months of Course Engagement on Final Exam Score

Panel A: Second Stage
final exam score (standardized)

(1) () 3)
Months of course 0.142* 0.157** 0.165***
engagement (0.074) (0.059) (0.057)
Panel B: First Stage
months of course engagement

Random assignment 1.058*** 1.053*** 1.062***
to course offer (0.082) (0.076) (0.078)
Controls No No Yes
Strata FE No Yes Yes
Observations 620 620 620
First-stage F-stat 168.3 191.2 186.5

Notes: Panel A reports two-stage least-squares estimates of the effect of months of course engagement on
standardized final-exam scores, instrumenting engagement with assignment to the virtual course. Panel B reports
the first-stage relationship between assignment and engagement. Students who did not take the final exam are
coded as having an outcome of zero, treating exam non-participation as an informative outcome rather than as
missing test scores. Column 1 includes no controls, Column 2 adds strata fixed effects, and Column 3 includes
both baseline covariates and strata fixed effects. Robust standard errors in parentheses.

*p<01,* p<0.05 **p <0.01
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Table 6: Effect of the Virtual Course Offer on Subsequent IMO Performance

Participated Combinatorics Other topics
in next IMO score score
1) ) 3)
Assigned to virtual course -0.016 2.831** —0.371
(0.019) (1.274) (1.659)
Observations 620 39 39
Control mean 0.071 5.96 6.91

Notes: This table examines the effect of assignment to the virtual course on subsequent International Mathematical
Olympiad (IMO) outcomes. Column 1 reports the effect on participation in the next IMO using the full sample (N = 620).
Columns 2 and 3 report effects on performance in combinatorics and in other topics (geometry, number theory, and
algebra), conditional on participating in the next IMO (N = 39). Scores range from 0 to 7 per problem and are aggregated
within domains: the combinatorics score sums performance on the combinatorics problems, and the ‘other topics’ score

sums performance on the four remaining problems. Robust standard errors in parentheses.
*p <01, p <005 ** p < 0.0l
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Figure 1: Countries with participants in the study

B Countries with participants in the study

N = 44 countries

Notes: This figure shows the countries represented in the study sample. Participants were
primarily recruited through national mathematics olympiad organizations, which referred high-
performing students. In a small number of cases, students contacted the research team indepen-
dently.
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Figure 2: Distribution of Student Engagement
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Notes: This figure shows the distribution of course engagement among students assigned to the

virtual course (n = 310). Engagement is based primarily on completion of graded problem sets
(including ‘engaged but struggled’), recorded weekly by AoPS.



34

Appendix A: Further Details on Mathematics Competitions

A.1. The International Mathematical Olympiad

The International Mathematical Olympiad (IMO) is the most prominent and selective math-
ematics competition for secondary school students worldwide. It has been held annually since
1959 and currently involves more than 100 participating countries. Each participating country may
send a team of up to six students, typically selected through national competitions and training

programs.

Each year, the IMO is hosted by a single country, with all participating teams traveling to
a common location.”® The competition is conducted simultaneously for all participants under
uniform rules and time limits, ensuring comparability of performance across countries. Although
students participate as members of national teams, all examination work is completed individually,

and scores are assigned on an individual basis.

A defining feature of the IMO is that a completely new set of problems is created each year
specifically for the competition. Problems are proposed by participating countries in the months
leading up to the event and undergo an extensive, multi-stage vetting process overseen by the IMO
Jury, which consists of official representatives (typically team leaders) from all participating nations.
The Jury meets before the competition to review proposed problems, assess their difficulty and
orig