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1 Introduction

India produces many successful engineers and scientists—according to some estimates, 23% of
tech workers in Silicon Valley who have an advanced degrees were born in India—but most come
from families who had the means to send their children to private schools and tutoring centers.
By some estimates, less than 5% of students who earn qualifying scores on the Joint Entrance
Exam for the elite Indian Institute of Technologies (IIT) attended a government (public) school,
even though 60% of Indian students attend such schools. This sparsity of less-advantaged Indian
students at the top of the distribution of achievement is reflected in international comparisons:
when 15-year-old students in Tamil Nadu government schools participated in the PISA in 2009,
the 95th-percentile student achieved the same score as the median student in the United States.1

This problem is not unique to India: top students inmath and sciencedisproportionately come from
rich countries. For example, Hoyos (2019) finds a large regional gap at the International Mathe-
matics Olympiad, with only 0.1% of gold medalists being from Africa.2 And yet there is no reason
to think the underlying distribution of raw talent is different, so the scarcity of top students must
reflect identification and training. A large literature has highlighted the rigidity of the school curricu-
lum in many developing countries, including India. It is often too advanced for the majority of the
students in the class, and as a result, many children are left behind. Conversely, it looks plausible
that a rigid curriculum would not be adapted to some very talented students, who would at best
not flourish, and at worst get bored and disengage. This is particularly likely in an environment
where most middle- and upper-class students, especially in urban areas, attend private schools
or complement their formal education with tutoring outside of school. Less-advantaged students
who only attend government schools are simply not expected to perform at a high level, and there
is very little structure to help them in doing so.

This is likely to lead to a significant misallocation of talents, wheremany possible engineers, scien-
tists, and entrepreneurs never get to realize their potential. And yet, while there is an active liter-
ature on talent programs in the US, the research on education in developing countries has mostly
focused on how to change the curriculum to better serve the weakest students.

In this paper, we take a first step to fill this gap. Specifically, we investigate whether the availability
of advanced online material makes it possible to nurture talented math students in resource-poor
settings: Can they be identified? Can they be given access to the infrastructure they need to reliably
access the material? And do they have the time, stamina, and ability to follow the material even
though it was designed formotivated, well-supported children inwealthy countries? Can a program
be designed such that it can be rolled out at sufficient scale to identify a raction of very talented
children, and allow them to succeed with the material?

1SeeWalker (2011) for the specific results; India has not agreed to participate in the PISA since, arguing that the test
does not reflect the skills taught in the Indian school system.

2See also Steegh et al. (2019).
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To answer these question, we set up a randomized controlled trial in partnership with the govern-
ment of Tamil Nadu and a provider of high quality online math content, The Art of Problem Solving,
which donated the content and student access for the trial. The experiment covered 2,490 promis-
ing 7th-grade students from disadvantaged backgrounds attending government schools in Tamil
Nadu. The main treatment, provided to 1,605 of them (randomly assigned), was a self-paced on-
line enrichment course in prealgebra, along with a tablet and an internet connection. In addition,
we introduced two additional sources of randomization. First, we randomly varied the criteria used
for selecting participants. We therefore can study different methods of identifying promising stu-
dents and comment on both scalability and effectiveness. Second, within the treatment groupwho
received the enrichment course, we varied the details of the implementation to study whether ad-
ditional support is critical to student engagement and success with the program.

Tamil Nadu is one of India’s wealthiest states, and is proud of a strong math, science, and engi-
neering culture. At the same time, the state recognizes the challenges that poorer students face to
attain academic excellence, and has started several initiatives. First, students are regularly tested
in school, allowing for ongoingmonitoring. Second, the state runs several schemes to support poor
talented children, including specialized high schools and scholarships for poor students who have
done well in grade 10. However, state officials recognized that there remained considerable scope
for improvement, and were interested in experimenting with a program that provides access to
online high quality education to talented children.

Despite the enthusiasm of our government partners and schools, and the availability of a very valu-
able pedagogical resource, the context presented a number of challenges which made it less than
evident that the program would succeed. Most of the students in the sample lack regular internet
access. This made it important to provide tablets to allow for access, but also meant that those
tablets could open access to distracting materials. Many have limited English proficiency. Most
parents have at most a 10th grade education, and the material, designed for advanced 6th or 7th
graders in theUS,may be challenging for students but even potentially for anyone in the community
who could support them. Students have a lot of competing demands on their time, and may not
have the time or motivation to devote to the program, on their own, and without any direct reward
if they do.

Given this context, ourmost important finding is perhaps that, despite these substantial challenges,
roughly 40% of the students invited to participate in the AOPS program engaged with most of the
366 components of course content—they clicked on the links that show the readings, they started
the videos, they displayed the problems, and so forth. We define a more stringent multi-factor
performance threshold we refer to as “successful course completion”, which includes passing at
least 90% of the course’s embedded quizzes. Twenty percent of students who were offered to
participate reached this level in a few months, a high level for a self-paced course.
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We present evidence of the relative success of students selected by different methods over which
we randomized. Methods included administrative (standardized) test scores, teacher recommen-
dations, engagement with a printed version of Chapter 1 of the course textbook, performance on a
quiz we administered, and ameasure of their “grit.” Ourmost important finding here is that student
engagementwith the printed excerpt is a powerful predictor of later online course engagement and
performance.

Next, we present evidence on programdesign features, whichwere fully cross-randomizedwith the
selectionmethods. Somestudentswere offered tutoring (individual or group). Somestudentswere
offered access to a high-tech lab in the schools where they could work together. Some students
were provided incentives: they were explicitly told that their tablets would be removed if they did
not progress through the course (and to differentiate the incentive effect from the direct impact
of removing the tablets from non performing students, we did in fact take away the tablets for a
randomly selected subset of students).

The most important result here is that tutoring support is not a necessary feature of the program.
This is very encouraging on the possibility of scaling up the program. However, a surprising result
is that students assigned to either group tutoring or individual tutoring made significantly slower
progress than those who were not provided any tutoring support. We present some explanations
to help understand this.

We pre-registered some heterogeneity analysis in program effectiveness. Among other dimen-
sions, we look at differences by gender, and note that two-thirds of our participating students,
selected with a gender-blind procedure, are female, and that the girls show greater course en-
gagement and learning. This finding is striking given the large gender gap—favoring men—within
STEM-related higher education and professions in India, and suggests this may reflect differential
treatment of girls and young women: promising boys may be sent to private school, for example,
and thus not appear in our sample, while promising girls stay in government schools.

Finally, we present evidence on the impact of the program on broader learning. We know from
the embedded quizzes that many of our treatment students mastered challenging material, but
are also interested in whether students improved their general problem-solving skills. To assess
this, we administered a very challenging endline exam to both treatment and control students.
Our examwas, unfortunately, overly challenging for our study population—the average score is just
11%—which limits our ability to detect moderate gains. Nonetheless we find significant positive
effects for the treatment group in specifications that drop students who cheated. The measured
gains in the ability to solve problems at the level we tested are, however, modest to date. Larger
differences could emerge when treatment students take additional courses, or if the test covers a
broader array of skills.

Our final set of results addresses potential unintended consequences of our intervention. One
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might be concerned that providing internet access and devices might crowd out learning by en-
abling video streaming, game playing, and so forth. Using time-use data we extract from devices
we recollected at the end of the program, we observe large amounts of time spent streaming video
for entertainment, but we do not find evidence of net negative effects on academic performance
for students who spentmore time video streaming.3 Weprovide tentative evidence that net effects
are positive for students whose tablet use indicates engagement with the enrichment content.

Our paper touches on the large and active literature on online education, education in developing
countries, and gifted education. Wewill only sketch their broad contours, referring to survey articles
when appropriate, and indicate where this paper fits in. Escueta et al. (2020) is an excellent pre-
COVID survey of the effects of educational technology, including online content.

Our paper focus is different from much of the EdTech literature, in that focuses on high-potential
students. As such, it is also part of the literature on gifted education. A number of papers have used
regression-discontinuity designs and other methods to estimate causal effects of elite schools and
other programs serving gifted students, e.g. Abdulkadiroğlu et al. (2014), Dobbie and Fryer (2014),
Bui et al. (2014), Card and Giuliano (2024), Cohodes (2020), and Ellison and Pathak (2025). This
paper studies a more light-touch intervention that does not replace traditional education but sup-
plements it for talented students. The focus on how to identify them also appears to be novel.

Our paper sits in the literature on missing talent and achievement gaps. Others have found evi-
dence of talent missed in other educational settings. For example, Hoxby and Avery (2012) report
that the vast majority of very high-achieving students who are low-income do not apply to any se-
lective college, and Ellison and Swanson (2016) report that schools serving similar (and relatively
well off) students in the US produce high-achieving math students at very different rates, achieve-
ment gaps suggesting missed talent. Our finding that a significant population of students in our
under-resourced setting successfully engage with material much more challenging than they are
exposed to in school is both another example of missing talent and a demonstration that particular
students who would have beenmissed can succeed. One can also interpret literature on the STEM
gender gap as indicative of missed talent.4 Our findings on the gender mix are an important piece
in better understanding the mechanics of the STEM gender gap in India, with our finding that so
many of the top math students in government schools are girls being an interesting contrast with
what has been reported in so many other settings.

As wementioned, the literature on identifying and nurturing talented students in developing coun-
tries is sparse, but findings from other educational interventions, especially in developing coun-
tries, helped to inform our design. Previous studies have found evidence that self-paced classes

3We heard anecdotally from a number of students that other members of their families were using the tablets to
access the internet. As a result, we suspect that the time-use data over-states student accessing of other content.

4See, for instance, Cimpian and King (2024); Ellison and Swanson (2010).
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and tutoring have proven useful for helping students across the ability distribution.5 An interest-
ing example is Carlana and Ferrara (2021), which used an RCT to examine a Covid-era tutoring
intervention targeted at vulnerable students who were in danger of falling behind during remote
learning. They found significant, positive effects of tutoring for these students. We complement
this literature in examining tutoring effects for high-ability, high-motivation students, and our find-
ings that tutoring seems to have held back student progress raise questions about what aspects of
our environment are contributing to our contrasting result. We also contribute to a small literature
on talent identification.6 Aspects of our study that complement prior work are that we explicitly
randomize of many potential inclusion criteria to shed light on the most effective ones, and use
engagement with a mini-version of the course as a potential criterion. As a result, we believe that
our study makes an important and unique contribution on how to best identify students whomight
benefit from interventions like ours.

Finally, our paper is also related to the literature on the unintended consequences of providing
internet-enabled computers to students. MalamudandPop-Eleches (2011) report that homecom-
puters provided to disadvantaged secondary-school students in Romania reduced school grades
by one-quarter to one-third of a standard deviation, and time-use data provided a clear potential
mechanism: students reported spending more time playing computer games and less on home-
work and reading. Malamud et al. (2019) examine a 2011 RCT that provided disadvantaged Pe-
ruvian 3rd- to 5th-grade students with both home Internet access and instruction in how to use
laptops to access educational resources. They find a small increase in time spent on games, social
media, and so forth and no effect on test scores.7 Some features of our setting that complement the
existing literature are our focus on high-achieving students, and that we are examining the effects
of mobile devices in an era when social media and short-form videos have made concerns about
the effects of online access even more salient. In line with the existing literature, we find that the
tablets were extensively used for non-educational activities, but similar to the latter paper, do not
find evidence of a reduction in scores on end-of-year exams in any subject.

2 The Environment and Experiment

2.1 Student population

We carry out our experiment in the Indian state of Tamil Nadu, which enrolls just over 1,000,000
7th-grade students. About 460,000 of these students attend government schools, which is the
population we study. We operated with cooperation from the Tamil Nadu School Education De-
partment, who provided us with school- and student-level data, as well as access to the schools,

5See, for instance, Carlana and Ferrara (2021); Muralidharan et al. (2019); Koedinger et al. (1997).
6See Saavedra and Buitrago (2025) for a randomized intervention to identify potential Math Olympians in public

schools in Colombia.
7Beuermann et al. (2015) also find no test-score effect in an RCT that provided internet-enabled laptops to second-

grade students in Peru.
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the headmasters, and the teachers. Government schools serve a relatively disadvantaged popula-
tion compared to private and government-aided schools.

Wefirst narrowedour sample to ten relatively underprivilegeddistrictswith112,6307th-grade stu-
dents and 3,494 government schools.8 Of students in these districts, 38.1%of them are amember
of a “Scheduled Caste” or “Scheduled Tribe” (the most disadvantaged groups), compared to 21%
of the population-at-large. Remaining students largely belong to a “Most Backward Class” (38.6%)
or “Other Backward Class” (21.1%). Note that all of the these designations, comprising 97.8% of
our student population, qualify for affirmative action programs in employment and education.

We then narrowedour population further to schoolswhich reportedmultiple high-scoring students,
or at least one very high scorer, on administrative (standardized) math exams. That left us with
1,441 schools and 75,533 7th grade students. We then selected 9,709 initial participants from
this group that met one of several criteria: sufficiently high 6th-grade administrative score, teacher
identification as a “top student,” or teacher recommendation as a student with high potential not
reflected in administrative scores. More details about this initial process for selecting students for
further screening are given in Appendix A.

In our final screening stage, we provided the 9,709 students with a printed booklet containing an
excerpt of the companion textbook for the online math course we would make available in the
treatment. We asked the students to work through the printed booklet, after which we adminis-
tered a quiz and survey to each student. The process by which we selected promising students
from the 9,709 for participation in the RCT was randomized across schools, and is described fully
in Section 2.2.1. In total, we invited 2,490 students across 867 schools to participate in the RCT,
representing 3.4% of students within the set of 1,441 schools.

Table 1 presents demographics of our student population in the ten districts, the ones who are
selected for the final screening, and our final RCT sample. At each successive stage, our sample
becomes relatively less disadvantaged. Recall, however, that our population in the ten districts is
disadvantaged at baseline. One interesting note is that about two-thirds of our final sample are
girls, despite gender not being a component of our selection.

2.2 Treatments

The objective of our broader project is to study the effectiveness of interventions, such as providing
challenging onlinemath courses, in nurturing high-levelmath talent. We believed that startingwith
math instruction before algebra wasmost appropriate given the level of math skill that our student
population starts with. We chose the self-paced Prealgebra 1 online course offered by the Art of

8The ten districts are Chennai, Cuddalore, Dharmapuri, Kancheepuram, Nagapattinam, The Nilgiris, Tirunelveli, Tiru-
vanamalai, Vellore, and Vellupuram. We concentrated our experiment in a small number of districts to reduce travel
time to schools for our staff.
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Table 1: Demographics of RCT sample.

(1) (2) (3)
Selected for Selected

All Students Screening for RCT

Male 0.484 0.371 0.332
Scheduled Caste/Tribe 0.381 0.279 0.236
English-medium 0.330 0.367 0.443

Father’s Employment Type
Daily Wage 0.781 0.720 0.654
Private 0.081 0.102 0.135
Government 0.009 0.020 0.028

Father’s Education Level
5th Grade and below 0.179 0.126 0.113
8th Grade 0.250 0.219 0.181
10th Grade 0.404 0.414 0.405
12th Grade and above 0.167 0.242 0.301

6th-grade Math Score 66.086 83.223 89.522
6th-grade Math Score (in-school z) 0.000 1.398 1.688

Num. Students 112,630 9,709 2,490
Num. Schools 3,494 1,355 867

Table includes means of various demographic and academic variables for all
students in our initial consideration set, all students who were selected for
screening, and all students who were included in our RCT sample (passed final
screen). Means are reported for the set of students with non-missing values of
the relevant variable.

Problem Solving, as providing both high quality content and an engaging format.9 It is described
further in Section 2.3. Course access was offered for six months, along with a corresponding phys-
ical textbook and a tablet with cellular data access. Students were placed in WhatsApp groups to
send periodic reminders and announcements and to facilitate connection with other nearby stu-
dents.

Treatment was randomized at the school level, and each school was treated with probability two-
thirds, resulting in 1,605 treated students.10 We test balance by regressing baseline covariates

9The Art of Problem Solving generously donated course enrollments to our treatment students for this study.
10Being part of the “treatment” group and experiencing the program described above are not perfectly correlated.

13 of the 1,605 “treatment” students declined to sign up for AOPS and hence did not actually experience the program.
Meanwhile, 22 of the 885 “control” students received tablets and were signed up for the course, due to a combination
of mistakes by field workers and our responses to a few headmasters who insisted with sufficient vehemence that a
particular student be included. Hence, all estimates of “treatment effects” in the paper should be thought of as intent-
to-treat estimates.
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on treatment status in Table B.1, finding no evidence of imbalance. Treatment began in mid-
January 2025 and ran through July 2025. Students and parents likely viewed selection for this
program as an honor. In an effort to mitigate the effect of this recognition, control students also re-
ceived certificates for their high achievement. To limit the extent towhich selection for the program
might change teachers’ behavior towards selected (or non-selected) students, treatment students’
teachers received no updates about their progress, nor benefits of any form fromour research team
or the School Education Department.

Our experiment included cross-randomization with several subtreatments, designed to evaluate
different aspects of student selection and program design.

2.2.1 Selection subtreatments

One of the primary questions wewanted to investigate was how to identify students for a long-term
intervention who would engage with the material and benefit from the program. To that end, we
designed eight selectionmethods and randomized themat the school level. The selectionmethods
used different combinations of four criteria that we thought could be useful signals for identifying
well-matched students: Admin, Booklet, Quiz, and Grit.

The Adminmeasure is constructed from an administrative test score: an end-of-yearmath exam in
6th grade.11 While highly scalable, the test’s low ceiling could make distinguishing above-average
from highly-talented students difficult. For our Booklet measure, we offered students a physical
booklet containing Chapter 1 of AoPS Prealgebra and asked their teachers to photograph the work
they had done in the booklet after one month. We generated a score for each student based on
problem attempts and other work in the booklet as well as checking answers on an online portal.
This measure was intended to capture interest in, not mastery of, the material. Our Quizmeasure
is based on a quiz we administered after the students had had the booklet for a month. It was
designed by our research team to test students’ knowledge of the material from the booklet and
problem-solving ability.12. Finally, we assessed students’ Grit using a questionnaire developed
by Duckworth et al. (2007) and a small, unfamiliar puzzle.13 Table 2 provides statistics on these
measures among students selected for the final screening and for those chosen for the RCT. The
students selected for the RCT have higher mean values of each criterion.

We fully specified eight potential methods for selecting students using these criteria and random-
ized which method was used at the school level. Four of the methods involved selecting students

11We used both within-school z-scores and absolute scores to account for grade inflation. This conversion could be
motivated by a model in which the true distribution of scores is identical across schools, but a score-inflation process
involves an affine transformation that differs across schools.

12The quiz ended up being less useful than we had hoped. While reviewing the scores, we discovered that 70% of the
students had likely cheated, copied answers, or had their answers copied. We replaced the scores of these students
with their predicted quiz score given their 6th-grade test scores, but only if doing so led to a decrease in their quiz score.

13Weasked the traditional bridge-and-torchproblemandconstructed themeasurebasedon the amount of time spent,
the number of tries, and whether the answer was correct.



10 Identifying and Nurturing Math Talent in Tamil Nadu

Table 2: Academic characteristics of RCT sam-
ple.

Selected for
Screening

Selected for
RCT

Mean SD Mean SD

Admin (z) 0.00 1.00 0.52 0.77
Quiz Score (%) 48.0 24.3 62.7 18.1
Booklet (z) 0.00 1.00 0.65 0.99
Grit (z) 0.00 1.00 0.31 1.05

Observations 9,709 2,490

Table includes means of various academic vari-
ables for all students who were selected for
screening and for all students who were in-
cluded in our RCT sample (passed final screen).
Means are reported for the set of students with
non-missing values of the relevant variable.

on the bases of a single criterion. Each of these methods was used with 10% probability. The
other four methods used combinations of criteria: Admin+Booklet (10%) , Booklet+Quiz (10%),
Admin+Quiz (20%), and Admin+Booklet+Quiz (20%).14 We set cutoffs for each selection method
before conducting the randomization so that each method would select approximately 2,400 stu-
dents if used in all schools; pairwise balance tests are presented in Table B.6.

The randomizationof schools into selectionmethods lets us estimatedifferences in expected course
outcomes across selection methods via simple comparisons of sample means. These will be con-
sistent estimates of causal effects under very general assumptions. Although the set of students
included in the RCT is a selected sample, the selection is purely on observed variables, so we can
also estimate what course outcomes might have been under counterfactual selection methods by
running regressions of course outcomes on the criteria that were used in the selection. Part of the
motivation for the specific set of methods used was that we wanted to ensure that there would be
substantial heterogeneity in observables in the RCT sample to improve the power of such a regres-
sion. Table 2 shows that substantial heterogeneity is present.15

2.2.2 Design subtreatments

Another central question we wanted to investigate was the importance of support features, such
as tutoring and computer labs. To investigate how these and other elements of program design

14The skew toward procedures incorporating the quiz scores reflects the fact that we expected that it would be a good
measure of student ability, and that we failed to anticipate the prevalence of cheating.

15Table B.2 includes academic characteristics for students selected using each criterion, showing that our various
selection methods increased this heterogeneity.
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affect student engagement, treatment students were cross-randomized at the school level across
three sets of subtreatments as described in Table 3. Pairwise balance tests for each subtreatment
are presented in Table B.3, Table B.4, Table B.5; we find no evidence of systematic imbalance.

Table 3: Description of design subtreatments.

Subtreatment Set Subtreatment Percent of Schools

Tutoring
Individual tutoring 12.5%
Group tutoring 37.5%
Control (no tutoring) 50%

Computer labs Access 25%
Control (no access) 75%

Incentives
Enforced progress requirement 33%
Unenforced progress requirement 33%
Control (no progress requirement) 33%

The first set of subtreatments evaluated the provision of tutoring support from STEM students and
graduates of elite universities in Tamil Nadu. While past research found benefits of tutoring in a
variety of settings,16 it was unclear whether we would find similar results here. On the one hand,
students in the right tail of talent may have sufficient self-motivation that tutoring is not necessary.
On theother, our coursework is designed for high-achievers, but our sample of “advanced” students
have the same mathematics knowledge as the median American student. The 37.5% of students
assigned to group tutoring attended virtual one-hour sessions with 8–10 students. In addition,
about 12.5%of students were assigned to a one-on-one tutor so that we could investigate whether
this personal attention could have an impact different from group tutoring. These tutors met for
15 minutes weekly with 10 different students, offering assistance with any topics and providing
encouragement. The remaining 50% of students did not have a tutor. All students could also get
help with material (or help other students) by posting (answering) questions on AoPS’ message
boards. Students receiving tutoring were placed in WhatsApp groups with their tutor. To provide
similar community interaction, students in the non-tutoring subtreatment were also partitioned
into WhatsApp groups with about 80 other students from their district.

The second set of subtreatments involved an additional way for students to access the course. In
recent years, the School Education Department has invested in “Hi-Tech Labs” (HTLs) throughout
government schools, providing internet-enabled computer labs for students. Such labs may be
useful for helping overcome low engagement with tablets seen in other studies.17 Schools were
randomized into this subtreatment with 25% probability. We worked with school administrators
to allow students to work on AoPS in the computer lab after school at least once per week. Most
schools randomized into this subtreatment had multiple students, so the students could work to-

16See, for instance, Kraft and Lovison (2024); Angrist et al. (2023); Carlana and Ferrara (2021).
17See, for instance, Muralidharan et al. (2019).
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gether in the lab, facilitating collaboration and peer-to-peer teaching. Some schools had a single
student, though, in which case the benefit of this treatment could be a regular work time and a
larger screen, potentially mitigating low tablet engagement.

The final set of subtreatments was designed to test the impacts of incentives, with the goal of in-
creasing completion rates and reducing tabletmisuse. Two-thirds of students were told that if they
did not make progress in the course at a sufficient rate, their tablets would be taken away. How-
ever, we varied enforcement: one-third of students received these messages and did eventually
have the tablets taken away if they were not making enough progress, while one-third received the
messages but never had tablets taken away. The final third did not receive suchmessaging. All stu-
dents received regular messages with progress reports and reminders to engage with the course.
Again, subtreatments were randomized at the school level. In practice, the messages had not yet
progressed from vague to specific by the time schools closed for summer vacation, and no tablets
were collected until four months into the program. We eventually collected tablets from approxi-
mately 100 students; in theory, these students could earn their tablets back by making progress
on the course without the tablet, but none did.

2.3 Mathematics course

Our experiment uses the self-paced Prealgebra 1 course offered by the Art of Problem Solving
(AoPS). AoPS is a private educational firm that began in the early 1990s with two textbooks de-
signed for US middle- and high-school students preparing for math competitions. Since then, the
companyhasdevelopedanine-volume textbook series, ranging fromPrealgebra toCalculus. These
textbooks cover middle-school and high-school material on a subject-by-subject basis, but em-
phasize problem-solving and include problems that are much more challenging than those found
in standard textbook series. AoPS offers synchronous online classes, self-paced online classes,
and in-person classes at after-school enrichment programs. These courses serve many students
preparing for math competitions and are popular with parents who want to supplement the educa-
tion their children receive in their (typically elite) schools. AoPS touts that almost all of the students
who have represented the US at the International Math Olympiad have taken their courses.

The Prealgebra 1 course teaches rigorous algebra fundamentals, and is the first self-paced course
offered by the company. The course covers the first seven chapters of the Prealgebra textbook—
Arithmetic, Exponents, Number Theory, Fractions, Equations and Inequalities, Decimals, and Ra-
tios, Conversions and Rates—each consisting of several topics. In each chapter, the self-paced
version supplements the chapter’s readings with video lectures, sample problems, and additional
resources. There are 366 distinct elements of the course, and we received data from AoPS on
students’ engagement with each of them.

The course and accompanying textbook are entirely in English. While all students in Tamil Nadu
take classes to learn English, it is not their native language. To address potential language issues,
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we subtitled all video lectures in Tamil. In practice, many students additionally used an online
translator or the WhatsApp groups to resolve any language issues.

Two course components—Alcumus quizzes and challenge problems—allow us to assess student
learning. The first, Alcumus, presents questions one at a time. The system adjusts the difficulty
level in real time so that all students have roughly a 70% chance of answering a question correctly.
Students can either “pass” or “master” each quiz by working up to and correctly answering ques-
tions of a certain difficulty level. The number of correct questions required to pass or master the
topic varies; if a student starts with very challenging questions, it may take as few as two right
answers to pass, but if the student makes mistakes, it may take many more. The majority of our
students appear tomove on once Alcumus tells them they have passed, but ourmost-engaged stu-
dents persisted to gainmastery. While these problems are difficult, the adaptive, game-like system
of Alcumus provides an environment that is not only educational, but fun for many students. The
Prealgebra 1 course contains 36 such quizzes.

In contrast, the course’s 144 challenge problems are non-adaptive. These problems are intended
to challenge top students, and go far beyond direct applications of the material. While many stu-
dents struggle with these problems, they can also make as many attempts as they like to try to
solve them. As such, students who solve these problems demonstrate a deeper mastery of the
material.

From these data, we construct three measures of course engagement/performance on a single
dimension. Course Engagement is the fraction of the 366 course elements that a student inter-
acted with.18 Alcumus Passing is the fraction of the Alcumus quizzes that a student passes or
mastered. Challenge Solved is the fraction of challenge problems a student answers correctly. We
also construct two indices reflecting performance on multiple dimensions. Successful Completion
is an indicator variable for whether a student clicked on at least 80% of the course components,
passed at least 90% of the Alcumus quizzes, and solved at least 60% of the challenge problems
that they viewed. Many of our analyses focus on this easy-to-understand metric. We also define a
continuousmeasure, AoPS Index, on a 0–1 scale that is a weighted average of several performance
measures.19

3 Program Effectiveness: Student Engagement and Learning

The most important finding of our experiment is that our student identification and support proce-
dures were sufficient to find a substantial number of students who engaged with and learned the
course material. This finding is particularly remarkable given the challenges of our setting, includ-

18Our results can be benchmarked to the average completion rate in AoPS’ regular self-paced classes of about 70%.
19The index places weight one-third on the fraction of items clicked, one-third on the fraction of problems answered

correctly (with weight one-half on challenge problems viewed and one-half on Alcumus problems viewed), one-sixth on
the fraction of items clicked by June 1 (about four months into the program), and one-sixth on the number of problems
completed (with weight one-half on challenge problems and weight one-half on Alcumus defined as quizzes passed).
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ing the gap between the difficulty of the material and the students’ starting level of mathematics
knowledge.
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Figure 1: Histogram of course engagement of treatment students, as
measured by the number of course components clicked.

Figure 1 presents data on course engagement as measured by the fraction of the 366 course com-
ponents clicked on by each student. The distribution is bimodal. About 17% of students clicked
on all 366 components of the course. Another 11% clicked on 90–99% of the components, and
8% clicked on 80–89%. There is also an equally large left tail, as 29% of students engaged with
less than 20% of the course. The right tail is more important for our purposes, though, as our goal
is to identify a subset of students who engaged with this course andmight potentially be helped by
a program of additional online courses. In total, 578 students interacted with at least 80% of the
course.

Extensive usage of the AoPS course does not necessarily coincide with extensive learning. Some
students could have clicked all the links without ever learning the material or solving any prob-
lems.20 Our primary source of information on whether students learned the course material is the
Alcumus quizzes. Figure 2 presents a histogram showing the fraction of the quizzes that each stu-
dent passed.21 The fraction of students who passed all of the quizzes is 22%, which is even higher
than the fraction who viewed all course components. We infer that many students not only en-
gaged with the course but learned the material. The majority of the students who passed 100% of
the Alcumus quizzes usually persisted beyond the passing mark and tried to master the material
as well: the majority of those who passed all 36 quizzes mastered more than 90% of them.

There is also less encouraging news in the figure: many students appear to have engaged in the
20Conversely, course componentsmay also under-record a student’s engagement if, for example, theywatched videos

together with another student while logged into that student’s account.
21Students must pass quizzes before they master them, so all students who have mastered have also passed.
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Figure 2: Histogram of course learning by treatment students, as
measured by the percentage of Alcumus quizzes passed ormastered.

course without having learned the content. The median student viewed 55% of the course com-
ponents, yet passed just 20% of the Alcumus quizzes.

Even in the upper tail, the fraction who passed 80–100% of the quizzes is well below the fraction
who viewed 80–100% of the course components: 27% vs. 37%. Some of this phenomenon is
due to students who simply did not take the Alcumus quizzes—recall that the programwas entirely
voluntary. However, most students who viewed 80% ormore of the course without passing 80% of
the Alcumus quizzes did put in substantial effort: in this group, students viewed a median of 570
Alcumus problems. To make this concrete, two students viewed exactly 570 Alcumus problems.
One got 62.5% of the questions correct, passing just 12 of the 36 quizzes; the other got 45% of
the questions correct, passing just 9 quizzes. Each stuck with the course to the end: one clicked
on 329 of the 330 non-Alcumus components and the other clicked on 328.

Indeed, the course data contain many stories of remarkable grit among students who found the
course very difficult. One student never passed a particular quiz despite having given 145 correct
answers on it: Alcumus never passed them because they took a total of 372 questions to obtain
the 145 correct answers. The overall leader in Alcumus problems attempted 8,098. We infer that
this student viewed somany problems because they aspired to master each of the quizzes despite
the problems being hard for them—they got just 3,693 of the 8,098 problems correct. In the end,
that student mastered 23 of the Alcumus quizzes and settled for passing the other 13.

TheAlcumusproblemsalso allowus to examine the relationship between student engagement and
problem-solving ability. Figure 3 contains histograms of the percent of Alcumus quizzes passed



16 Identifying and Nurturing Math Talent in Tamil Nadu

or mastered, split by students’ tercile of engagement.22 The vast majority of students in the top
tercile of engagement—65% of them—passed all Alcumus quizzes. Just two students who passed
all Alcumus quizzes were in the middle tercile of engagement, and none were in the the lowest
tercile. Importantly, the histogram on the left suggests that the difficulty of the course may be one
factor that leads some students to make little progress: 65% of students in the lowest tercile of
engagement passed exactly 0 Alcumus quizzes.
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Figure 3: Histogram of course learning by treatment students, split by tercile of course
engagement.

This conclusion is corroborated by Figure 4, which presents the fraction of Alcumus questions that
students answered correctly for students with different levels of engagement. It provides a nice
illustration of the adaptive technology: most students in all three terciles answer about 70 percent
of their Alcumus questions correctly. Notably, the high-engagement tercile has an upper tail of
very high performers who get 90%+ correct, while the low-engagement tercile has a set of low
performers who get fewer than 10% correct. Perhaps these students gave up before Alcumus
could adapt to their level. It’s also possible that their baseline knowledge level is too far behind to
handle even Alcumus’ easiest problems.

4 Program Design: Student Selection

One of our main objectives was to investigate the relative effectiveness of different criteria for
choosing students for the program. To this end, we designed a set of subtreatments that use differ-
ent combinations of criteria to choose students for the RCT. We randomized those subtreatments
at the school level, so we can compare mean outcomes across subtreatments for a clean test of
effectiveness. Note that we have measures of all of the criteria for all of the students, so we can
also present regression-based results on the predictive value of each criterion.

22Again, we measure engagement using the number of course components clicked. Students in the lowest tercile
interacted with 0–109 components (0–30%); the middle tercile, 110–310 components (30–85%); and the highest
tercile, 311 to 366 components (85–100%).
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Figure 4: Histogram of correct answer rate in Alcumus, split by tercile of course engage-
ment.

Identifying students who can engage with and benefit from an enrichment program such as ours
is a crucial piece of program design, yet it has been understudied in the economics of education
literature. We think that our results fill an important gap.

As mentioned in Section 2, we used eight different methods to select students for the program,
each one being some combination of four components: Admin, Booklet, Quiz, and Grit. Our initial
interest is in which combinations of these components best predict engagement with and success
in the AoPS course. We will also, of course, be interested in their ability to predict longer-run ben-
efits from our interventions in later analyses.

In Table 4 we list five measures of course learning and engagement across the top and the eight
combinations we used for selection down the left side. Each column of the table provides a com-
parison of means across selection methods. Columns (1) and (2) use measures that reflect both
students’ overall engagement and learning as described in Section 2.3. Column (3) is ameasure of
the number of course components interacted with, while columns (4) and (5) measure students’
learning using their rates of passing Alcumus quizzes and correctly answering challenge problems,
respectively.

Selection methods that use Booklet perform well. Students selected using Admin+Booklet were
most successful according to every metric except for Successful Completion, where students se-
lected using Booklet alone performed the best. Students selected using only Admin fare far worse
on everymeasure than students selected using any othermethodology: just 12%of these students
successfully completed the course. One way to view these results is that combining two criteria
meant to measure different attributes that might contribute to success—past administrative test
scores to gauge ability and time spent on enrichment material to gauge enthusiasm—performs
well in selecting students for a program like ours. Do recall, however, that all selection criteria
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also used the administrative test scores indirectly: the first-stage selection of 9,709 was primarily
based on their 6th-grade test scores. These eight selection methods in this table were used to
choose 2,490 students for our RCT from a population of students who mostly have at least pretty
high administrative test scores.

Table 4: Statistics on course engagement and learning for treatment students selected using differ-
ent methods.

(1) (2) (3) (4) (5)
Successful
Completion

AoPS
Index

Course
Engagement

Alcumus
Passing

Challenge
Solved

Num.
students

Num.
schools

Admin+Booklet+Quiz 0.211 0.624 0.576 0.422 0.331 495 178
Admin+Booklet 0.256 0.652 0.585 0.454 0.372 224 79
Admin+Quiz 0.177 0.557 0.508 0.364 0.280 556 197
Booklet+Quiz 0.206 0.591 0.532 0.392 0.322 269 78
Booklet 0.283 0.620 0.571 0.450 0.358 183 78
Quiz 0.227 0.634 0.578 0.436 0.345 200 76
Grit 0.235 0.589 0.519 0.431 0.304 245 74
Admin 0.115 0.502 0.442 0.324 0.227 318 109

Table reports means for metrics of completion, learning, and engagement outcomes for students selected using each
criterion.

The second way in which we examine selection is by regressing our five different measures of
course performance in turn on student characteristics known at the time of their selection. Specif-
ically, we use Admin, Booklet, Quiz, and Grit, all normalized to mean 0 and variance 1, as well as if
a student was identified by their teacher as either a “top” student or a student who would benefit
from the challenge of this course.23 As the various selection methods selected students solely on
the basis of right-hand-side variables in these regressions, they provide a valid way to investigate
how one could have best predicted which students would be successful.

Note that as all continuous variables has been normalized, the coefficient estimates can be com-
pared across measures as the effect of a one-standard deviation increase in the relevant variable.
Results from these regressions are reported in Table 5.

These results are broadly in line with the results above from the selection randomization—Booklet
is highly predictive for all measures of course performance and Admin is also an important predic-
tor for most of them. The point estimates suggest fairly large effects: for instance, a student who
is one standard deviation above average in Booklet is 6.9 percentage points more likely to suc-
cessfully complete the course, a large effect relative to the mean completion probability of 20.3%.
In contrast with the positive point estimates for the rest of the regressors, Teachers’ Challenge is
negatively associated with all measures of performance, but most are not significant.

23These last two regressors are described in further detail in Appendix A. We also include demographics such as
gender, medium of school instruction, and whether they are in a scheduled caste or tribe; indicators for subtreatments
theywere assigned to; an indicator for if they cheated on the quiz; and indicators formissing quiz, grit, and administrative
score. We suppress those estimated coefficients in the table.
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Table 5: Regression of course engagement and learning on characteristics used
for treatment selection.

(1) (2) (3) (4) (5)
Successful
Completion

AoPS
Index

Course
Engagement

Alcumus
Passing

Challenge
Solved

Admin (z) 0.010 0.053*** 0.050*** 0.044*** 0.045***
(0.016) (0.015) (0.015) (0.016) (0.013)

Booklet (z) 0.069*** 0.089*** 0.089*** 0.080*** 0.087***
(0.011) (0.010) (0.010) (0.011) (0.009)

Quiz (z) 0.015 0.026** 0.022* 0.020* 0.027***
(0.012) (0.011) (0.011) (0.011) (0.010)

Grit (z) 0.015 0.016* 0.014 0.018* 0.013
(0.010) (0.009) (0.009) (0.009) (0.008)

Teachers’ Top 0.003 0.027 0.025 0.020 0.017
(0.023) (0.020) (0.021) (0.022) (0.019)

Teachers’ Challenge -0.066** -0.023 -0.018 -0.031 -0.030
(0.031) (0.029) (0.029) (0.031) (0.025)

N 1,605 1,605 1,605 1,605 1,605
Mean 0.203 0.590 0.534 0.400 0.310

Standard errors in parentheses, and clustered at the school level. Table reports selected coeffi-
cients from regressing measures of completion, engagement, and learning on students’ baseline
academic characteristics and demographic and subtreatment controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

5 Program Design: Support and Incentives

Helping talented students reach their potential can require much more than just providing them
with access to online resources. In this section we present results on the tutoring, incentive, and
computer lab access subtreatments (described in Section 2.2.2), which explore support compo-
nents. Our most notable finding is that the online courses work quite well without any tutoring
support.

5.1 Tutoring

A number of previous papers have found that online education programs on their own may have
limited impact. Tutoring is costly and challenging to implement at scale, but our prior was that
tutoring could be a very valuable complement to online courses, and perhaps even necessary to
make them effective our setting. As described earlier, we randomized students to either receive
group tutoring, individual tutoring, or no tutoring.

The top portion of Table 6 presents statistics on Successful Completion for students in different
tutoring treatments. We find that studentswithout tutors did substantially better than the students
in either tutoring arm: 28.5% of students without tutoring successfully completed course, while
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only 17.4% of students with individual tutoring and 10.5% of students with group tutoring did so.
To assess the significance of the differences we regress Successful Completion on subtreatment
dummies, baseline ability controls, and demographics.24 The estimates, presented in the right
column the table, show that the differences are highly significant. From a practical perspective
this finding can be seen as very good news—the program is much cheaper and easier to scale up
if tutors are not needed, and the results here indicate that the program without tutors works even
better than the overall descriptive statistics indicated!

Table 6: Course performance by subtreatment.

Mean
Successful Regression

Subtreatment Completion Estimate

Group Tutoring 0.105 -0.178***
(0.023)

Individual Tutoring 0.174 -0.107***
(0.036)

No Tutoring 0.285 —

Computer Lab Access 0.218 0.004
(0.030)

No Access 0.197 —

Enforced Incentives 0.188 0.031
(0.026)

Unenforced Incentives 0.240 0.052*
(0.030)

No Incentives 0.185 —

N 1,605
Mean 0.203

Standard errors in parentheses, and clustered at the school
level. Table reports the mean Successful Completion rate
for various subtreatments groups and selected coefficients
from regressing course completion on subtreatment indica-
tors and ability and demographic controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

What explains the lack of tutoring effects in this study, especially when such support has been
found to be valuable in other settings? It could be that the prevailing wisdom about the value of
tutoring support is incorrect. However, it seems more likely that there is something special about
our environment and intervention thatweakens the effect of tutoring. One obvious possibility is that

24The regressions include five ability controls (end-of-6th-grade math scores, booklet engagement, exam score, grit,
and teacher recommendation) three demographics (gender, medium of school instruction, scheduled caste/tribe mem-
bership). Standard errors are clustered at the school level. All results are very similar in regressions without controls.
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our tutors simply were not good. We do not think this is the case; after seeing no tutoring benefits
in an earlier pilot, we invested heavily into tutor recruitment, training, and monitoring for our RCT.
These tutors came from elite technical universities, worked diligently, were highly enthusiastic,
and taught well.25 Another feature that could play a role is that many students failed to complete
the course. For students in group tutoring, students may have slowed their progress to match the
progress of their group. A third explanation is that our course itself may have been already highly
engaging (perhaps to the extent of being a beneficial online addiction), and that time spent with
tutors decreased time on the platform, and thus decreased their likelihood of getting “hooked.”
Future phases of our study may provide opportunities to help disentangle the multiple potential
explanations.

5.2 Computer Labs

In this subtreatment, we provided students with after-school access to their school’s computer
labs; because this access was not always possible, estimates here should be interpreted as intent-
to-treat estimates.26

Results are presented in the middle panel of Table 6. The students chosen for the computer lab
subtreatment were slightly more likely to successfully complete the course, but the difference is
not significant. Even so, we believe that the computer lab treatment was beneficial to students,
but that benefit is not apparent because of unfortunate timing. As discussed above, we launched
the program in late January, but computer lab access only began in late February or early March;
students thus were only able to access the labs for about one month before access was lost due to
final exams (early April) and the summer vacation (mid-April through early June). Figure 5 shows
student engagement, as measured by number of course components clicked, for both the com-
puter lab treatment and control groups. The groups were making quite similar progress up to the
two-week period in which we started to roll out the subtreatment, after which the treatment group
progressed at approximately twice the rate of the control group over the next month. Over the next
two months, while treatment was paused, the gap between treatment and control faded. We con-
jecture that the computer lab treatment would have been substantially more effective if the course
had been offered entirely during the school year with uninterrupted lab access.

5.3 Incentives

A third dimension on which we varied the program was in the treatment of students who were not
making sufficient progress in the course. Two subtreatment groups received messages warning
them that tablets would be taken away if they were not making sufficient progress, though this
warning was enforced for only one of the groups. The remaining third received no such messages.

25In discussions with tutors after the program, at least two tutors mentioned that being a tutor for our program led
them to change their career paths to one in education.

26Of students in the computer lab treatment group, 71.4% of them were able to access their school’s Hi Tech Lab,
24.5% used an alternative computer lab within their school, and 4.1% of students were not able to use a computer lab.
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Figure 5: Progress of the computer lab treatment and control groups over time.

Progress for thesedifferent groups is described in thebottompanel of Table6. Groups that received
the warning methods were somewhat more engaged than the group that did not, but differences
are not very large and again fall short of statistical significance.

In part, the failure of the warning messages to be effective may reflect that our messages did not
become highly specific until late in the summer vacation,27 and no tablets were actually taken away
until the final month of the program. Even if the incentive effects are small, we think it is advisable
to include enforced incentives in the program. The data give no reason to think that the incentive
effect is negative, and if students are using their tablets to watch YouTube video rather than to work
on AoPS we would conjecture that it is better for them to have the tablet taken away.

6 Program Effectiveness: Heterogeneity

Here we present evidence on how course engagement and achievement differed across demo-
graphic groups. We find that the expected socioeconomic gaps are present in our population, with
one notable exception: girls outperform boys.

Table 7 reports mean Successful Completion rates for students in various demographic groups and
27Taking away tablets during the summer vacation would have incurred substantial costs, which we aimed to avoid.
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regression coefficients that can be used to assess the significance of the differences.28

We look first at the gender breakdown and find that girls were 25%more likely than boys to achieve
the Successful Completion benchmark based on a comparison of means. When we control for ob-
served characteristics, the estimated coefficient on gender is not statistically significant, but the
point estimate indicates that girls were still about 15% more likely to successfully complete the
course.29 As mentioned earlier, about two-thirds of the students selected for our program are
girls, despite the fact that our selection was gender-blind. This itself is noteworthy given the gen-
der gaps present in elite Indian education: in the mid-2010s, only 8% of students at the Indian
Institutes of Technology were women.30

Our experiment also highlights the large socioeconomic gaps in STEM achievement present in
India. Recall that our initial set of schools considered for potential participation in our program
reflected in part a desire to see if we could identify high-achieving students from disadvantaged
groups: 38.1% of the students at the 3,494 schools in our initial consideration group were mem-
bers of a scheduled caste or scheduled tribe, groups that are particularly disadvantaged in an
environment where all students are disadvantaged to some extent. We did not use any form of
demographic-based affirmative action in selecting students for the RCT, and 23.6% of our result-
ing sample belongs to a scheduled caste or tribe. These students made somewhat less progress
in the course than the other students, both on a raw basis and controlling for baseline character-
istics. The regression coefficient indicates that they were about 4.5 percentage points less likely
to successfully complete the course. While the gap results in only 17% of our successful comple-
tion group being from a scheduled caste or tribe, an optimistic take is that we have identified 57
students from a scheduled caste or tribe who met our successful completion benchmark. These
students did quite well, correctly answering 86% of the challenge problems they viewed and mas-
tering 75% of the Alcumus quizzes.

Just under half of our students attend English-medium schools, while the remainder of students
takemost of their courses in Tamil. At the start of our experiment, both the Tamil Nadu School Edu-
cation Department and our research teamwere concerned about whether Tamil-medium students
would find difficulty with a course entirely in English.31 Tamil-medium students had slightly lower

28Results are qualitatively similar if other measures of course engagement/performance are used as the dependent
variable in place of Successful Completion. Following our pre-analysis plan, which did not specify including fathers’
education and employment in our regression, we omit those variables from the regression, but we report the mean
completion rates to provide a comparison of how students’ socioeconomic status impacts their course engagement.

29In unreported regressions including interactions of the male indicator with the various subtreatment dummies, we
did not find evidence that the results are driven by any treatment being particularly good or bad for boys.

30See Madras (2020). IIT Madras has since started an affirmative action program for female students, and about
20% of current undergraduate students are women. The reverse gender gap, however, is consistent with Tamil Nadu’s
results from the PISA 2009 Plus, which reported that girls were twice as likely as boys to score in the Level 3 and above
ranges: 4.6% vs. 2.3% (Walker, 2011). The PISA 2009 Plus had 6 proficiency levels, ranging from level 1 (“routine
mathematical tasks and procedures” to Level 6 (“advanced mathematical skills and reasoning”) Students at Level 2
display a basic competency in mathematics.

31As discussed in Section 2.3, we added Tamil subtitles to the course videos, but the videos themselves, the written



24 Identifying and Nurturing Math Talent in Tamil Nadu

Table 7: Heterogeneity in successful completion rates.

Mean
Successful Regression
Completion Estimate

Female 0.218 0.026
(0.022)

Male 0.172 —

Scheduled Caste/Tribe 0.148 -0.046**
(0.023)

Not Scheduled Caste/Tribe 0.220 —

Non-English Medium School 0.182 -0.041*
(0.022)

English Medium School 0.230 —

Father’s Employment Type
Daily Wage 0.181
Private 0.252
Government 0.318

Father’s Education Level
5th Grade and below 0.192
8th Grade 0.144
10th Grade 0.173
12th Grade and above 0.283

N 1,605
Mean 0.203

Standard errors in parentheses, and clustered at the school level.
Table reports the mean Successful Completion rate for various
demographic groups and selected coefficients from regressing
course completion on demographic variables and subtreatment
and ability controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

rates of course completion than their English-medium counterparts (18.2% vs. 23.0%), though
this difference is not statistically significant after controlling for subtreatments, baseline ability and
other demographics. The difference in Successful Completion rates stems primarily from differ-
ences in the rates at which students passed the Alcumus quizzes: Course Engagement is similar
for the English- and Tamil-medium students. The difference in Alcumus Passing could be due ei-
ther to Tamil-medium students having not learned the material as well or to their having difficulty

lessons, and all problems were only in English.
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correctly parsing some questions. One note for future analysis is that some tutors reported that
their Tamil-medium students improved their English skills over the course of the program; we plan
to examine this potential side-benefit of the programoncewe receive students’ scores in 8th-grade
English classes.

Student outcomes are also (mostly) aligned with parental employment and education in the ex-
pected direction. Successful completion rates are 17% for students whose fathers have a 10th
grade education (the modal value) vs. 28% for students whose parents have a 12th grade or col-
lege education. This suggests that parental support is still playing a role in student success in our
course. Themajority of our students’ fathers are “dailywage”workers, which indicates that they are
paid when they work and is often associated with working in the informal sector. Students whose
fathers have more stable private-sector or government jobs (14% and 3% of the RCT sample) are
again substantially more likely to successfully complete the course.

7 Program Effectiveness: Broader Learning

In this section we examine whether treated students broadly improved their math knowledge and
problem-solving skills.

As discussed in Section 3, student performance onAlcumus quizzes shows that studentswho com-
pleted Prealgebra 1 mastered many topics, often after a great deal of effort. Given this, it did not
seem particularly valuable to compare treatment and control students on a final exam testing only
material from the treatment course. Instead, we planned to look for evidence of broader learning
in two ways: first, by administering a challenging exam assessing the ability to solve very difficult
problems on topics from the school curriculum; second, by examining scores on a state-wide exam
administered shortly after the end of our program. We have yet to receive data about the latter, and
focus this discussion on performance on our endline exam.

We designed our challenging exam based on the standard Tamil Nadu math curriculum in 6th–
8th grade. Most questions were focused on prealgebra, but several questions used concepts from
algebra, geometry, and statistics. Given the prevalence of cheating on the quiz we used in our
initial selection, we worked hard to prevent and detect cheating: hiring proctors, not usingmultiple
choice, altering question orders, and changing numbers in several questions to change the correct
answers.

Unfortunately, our test was much more challenging than we had intended. The test started with
one simple word problem that 89% of students answered correctly. However, our difficulty quickly
ramped up to levels that almost all students could not handle, with amean score of just 2.23 out of
20.32 As a result, the standard deviation of test scores (1.73) was quite large relative to the mean,

32The percent correct on the next seven questions were 38, 20, 20, 13, 11, 8, and 4; the remaining twelve questions
were each correctly answered by less than 3% of students.
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Table 8: Scores on challenging exam by treatment group.

(a) All

Num.
Students Mean Regression

Treatment 1,545 2.28 0.13
(0.10)

Control 842 2.17 —

(b) Non-cheaters

Num.
Students Mean Regression

Treatment 1,342 2.29 0.20∗∗

(0.09)
Control 747 2.11 —

Standard errors in parentheses, and clustered at the school level. Table reports the mean scores on our challenging
exam by treatment group and regression estimates of the treatment effect with ability and demographic controls. Panel
(a) includes all students who took the challenging exam. Panel (b) restricts the sample to students who were not
identified as having cheated.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

limiting our ability to detect moderate increases in the percentage of problems students can solve.
One redeeming feature of our too-difficult test is that because students incorrectly answered so
many non-multiple choice questions, it was easy to detect if students copied; we label 12% of
students as having cheated.

Table 8 presents a comparison of scores in the intended treatment and control populations.33 The
left panel presents results for all students in the treatment and control populations who took the
test.34 The difference between the mean treatment and control scores is 0.11, a difference of
approximately 5% of the control mean. We further analyze differences and assess significance via
a regression of scores on the challenging exam on baseline ability and demographic controls and
the treatment dummy. The difference in scores fails to be significant; given the standard error on
the estimated treatment effect, we are not able to identify increases of less than10% in the number
of problems solved.

The right panel repeats the same analysis, but excluding students who cheated on the exam; the
estimated difference increases to 0.19. One can think of the magnitude of the effect as a 9% in-
crease in the number of problems solved, or as a 16% increase in the number of challenging prob-
lems solved. The estimated treatment effect on this subsample is statistically significant. We find
it plausible that there might have been more effective cheaters in the control population because
teachers in control schools might have been less willing to help the proctors prevent cheating, as
many teachers/headmasters were disappointed that their schools were not selected. However, the
significance of the score difference depends on whether one is willing to assume that the cheaters
are sufficiently similarly selected in the treatment and control populations, and thus that a com-

33Recall that these should be thought of as intent-to-treat estimates because a few “treatment” students did not
experience the program and a few “control” students did.

34We were unable to test 103 of the 2,490 students. Most were due to student absences, but a few students were
present and declined to take the test. Missing scores are somewhat more common in the control population: 4.9% vs.
3.7%.
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parison of the non-cheating students is appropriate.

Our regressions also included unreported controls for demographics and for the various measures
of ability and potential-for-engagement that we used to select students for the RCT. The demo-
graphic effects aremostly what onewould expect and similar to the demographic effects on course
completion: scheduled caste/tribe students and students attenting Tamil-medium schools score
lower. One contrasting result is that on gender: the boys had higher average scores than the girls.
This is true both in the treatment and in the control.

In future drafts of this paper wewill report results from students’ 8th-grademid-yearmathematics
examination, which was conducted around the time when our program ended. It also be challeng-
ing to identify effects with this data given the tests’ low ceiling: the median student in our RCT
sample scored 92 on their 6th-grade exam. Furthermore, we have no way to identify students
whose scores are inflated due to cheating or teacher manipulation; we suspect that such behavior
is widespread.

8 Side Effects: Tablet Use and Other Academic Subjects

In this section we explore potential unintended consequences to the program. We note that stu-
dents made substantial non-academic use of their tablets, but do not find that this usage had sub-
stantial adverse effects.

Students needed access to a variety of applications to participate in our treatment. Our course is
accessed via a web browser; embedded videos are hosted on YouTube; and contact with students
and parents (including tutoring sessions) happened primarily through WhatsApp.35 In the era of
short-form video and social media, it is plausible that providing tablet access to teenagers who
otherwise have little internet access could have nontrivial adverse effects.36

Our experimental design—reclaiming tablets from students when we visited schools to give our
challenging exam—provides us with an opportunity to examine how students used tablets and to
look for adverse effects. As of this writing, we have recovered usage data from just over three-
quarters of the treatment students’ tablets. Table 9 provides statistics on amount of time students
spent using apps in the twelve app categories with the highest usage. Time spent on the AoPS
course would appear as time spent in a browser.

The most striking and potentially concerning aspect of the time-use data is that the tablets were
used to watch a very large number of YouTube videos—about 2.5 hours per day on average. This
is potentially concerning, but not necessarily so: students had the tablets for the entirety of their
summer vacation, and some of the watching may have been done by family members. Students

35We also felt that building community by organizing WhatsApp groups would boost student progress.
36TikTok has been banned in India since 2020due to security concerns; other short-formvideo platforms are prevalent

in its place.
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Table 9: Daily tablet use by app category.

App Type Most-Used App Mean SD

Video Players & Editors YouTube 2.47 2.27
Communication WhatsApp Messenger 0.55 0.43
Tools Google Play services 0.28 0.31
Browser Google Chrome 0.28 0.25
Phone Phone by Google 0.17 0.21
Games Google Play Games 0.13 0.27
Productivity Google Drive 0.12 0.16
Photography Gallery 0.10 0.14
Travel & Local Google Maps 0.07 0.12
Music & Audio YouTube Music 0.06 0.12
Education Tamil Nadu 8th Guide 0.03 0.12
Social Instagram 0.03 0.16
Table contains data the most-used application, mean hours used per student,
and standard deviation of per-student daily usage (in hours) for each of the 12
most-used categories of applications. Table represents usage patterns of 1,254
students.

spent about 30minutes per day onWhatsApp, Google Messages, Gmail, and other communication
apps, and an additional 10 minutes per day using the Phone app. Some (perhaps surprisingly)
positive news is that gaming and social media app use are quite low: just 8 and 2 minutes per
day. Students could not have spent too much more time accessing games and social media via a
browser, as browsers were used for just 17 minutes per day.

The timing of our programprovides an opportunity to look for adverse effects of time-wasting activ-
ities. Our students took end-of-year exams in mathematics, science, English, and Tamil about two
months into the program. While this is not enough time for them to have yet gone throughmuch of
the course, we could very well see adverse effects if students watched YouTube videos when they
should have been studying for final exams. Table 10 presents estimated treatment effects from re-
gressions with 7th-grade test scores as the dependent variable. None of the estimated treatment
effects are statistically significant. The point estimates are all slightly negative, but we do not see
this as concerning. Our treatment students had also scored (an insignificant) 0.57 points lower on
their 6th-grade final exams in math, administered before our program began.

We can also use the student-level data to look for adverse effects in the cross-section of treatment
students. We do so by regressing test scores and other outcomes on average daily app usage (in
hours) for each of the 12most-used app categories (listed in Table 9) and our usual set of ability and
demographic controls. In this regression, we would expect test scores to be negatively associated
with time spent on time-wasting apps for two reasons: first, selection into who uses the apps,
and second, because of the negative causal effects of the apps. Hence, the regression coefficients
should be upper bounds on the adverse causal effects.
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Table 10: Intent-to-treat effects on seventh-grade exam scores.

(1) (2) (3) (4)
Math Science English Tamil

Treatment -0.32 -0.31 -0.93 -0.02
(0.68) (0.72) (0.70) (0.57)

Control Mean 84.8 86.3 85.6 89.9
Control SD 11.8 12.6 12.3 10.9
Standard errors in parentheses, and clustered at the school level.
Table reports coefficients from regressing 7th-grade test scores
on treatment status and ability and demographic controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

The first four columns of Table 11 report estimates from regressions with 7th grade test scores as
the dependent variable. The first five rowspresent coefficients for the fivemostworrying categories
of apps. There is no evidence whatsoever that the large amount of time spent on YouTube is having
adverse effects. The most concerning negative result is that several of the associations with time
spent gaming are significantly negative; spending an extra hour per day gaming is associated with
scoring about 0.2 standard deviations lower on the end-of-year exam.37 Part of this is presumably
a selection effect; even if the causal effect were this large, the aggregate effect on our treatment
population would be modest given that our average student is spending just 8 minutes per day
gaming.

The final two rows of Table 11 present estimated associations with time spent on “good” apps: the
web browser (through which students accessed AoPS) and educational apps (the most popular of
which is a curriculum guide produced by the Tamil Nadu Education Department). Time spent in the
browser is significantly positively associated with scores in all subjects. Time spent on education
apps is significantly positively associated with science and English exam scores. Again, we cannot
distinguish whether these are selection or causal effects, but the fact that more browser time is
associated with positive scores on all exams (including Tamil) suggests that part of the effect is a
selection effect.

Column (5) of Table 11 looks at associations between app use and successful completion of our
course. Again, there is little to suggest that the fact that we did not prevent students fromaccessing
YouTube videos is having an adverse effect the likelihood that they will finish the course. The co-
efficient on browser-time is enormous and tremendously significant. This has a large mechanical
component—students cannot finish the course without spending a lot of time in the browser—but
does suggest that browser time is an effective proxy for time spent on AoPS. Column (6) examines
associations with scores on the challenging examwe administered at the end of the program. Time

37Note that this is relative to the standard deviation in our high-achieving pool; it is a much smaller fraction of the
standard deviation of the full distribution of test scores.
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Table 11: Relationship between student outcomes and app use.

7th-Grade Scores Program Outcomes

(1) (2) (3) (4) (5) (6)

Math Science English Tamil
Successful
Completion

Challenging
Exam

Video Players 0.15 0.11 0.27 0.18 -0.01 -0.02
(0.20) (0.21) (0.20) (0.14) (0.01) (0.03)

Communication 1.15 -2.84*** -0.77 0.84 -0.03 -0.04
(0.89) (0.95) (0.94) (0.70) (0.04) (0.13)

Voice -3.56* -2.55 -2.35 -4.23*** -0.04 -0.44
(1.88) (1.79) (2.12) (1.27) (0.07) (0.27)

Games -1.82 -2.90** -2.55** -2.62*** -0.03 0.09
(1.15) (1.21) (1.17) (0.99) (0.06) (0.19)

Social Media 2.54* -3.67* 1.51 -1.08 0.03 -0.24
(1.45) (2.08) (1.48) (2.24) (0.06) (0.19)

Browser 3.69*** 5.01*** 4.92*** 3.65*** 0.50*** 1.11***
(1.42) (1.58) (1.59) (1.22) (0.05) (0.26)

Education 2.39 7.05*** 8.91*** 3.45 0.15 0.91
(2.34) (2.52) (2.77) (2.16) (0.10) (0.72)

N 1,083 1,083 1,083 1,083 1,245 1,066
R2 0.187 0.147 0.162 0.201 0.111 0.101
Control Mean 84.8 86.3 85.6 89.9 – 2.2
Control SD 11.8 12.6 12.3 10.9 – 1.7
Standard errors in parentheses, and clustered at the school level. Standard errors in parentheses, and clus-
tered at the school level. Table reports selected coefficients from regressing 7th-grade test scores and pro-
gram outcomes on time spent using various application categories with ability and demographic controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

spent in the browser has a large and highly significant association with scores: spending 30 more
minutes per day in the browser is associated with scoring roughly 25% higher on our challenging
exam. Again, we cannot say to what extent this is a selection effect or a causal effect.

In summary, our students spent a great deal of time watching YouTube videos, but the data so far
do not indicate that this is a major concern. Results on how little time was spent gaming and on
social media are good news, and certainly, we are not seeing effects that are anything like those in
Malamud and Pop-Eleches (2011). This could reflect that concerns about adverse effects of the
internet are smaller for students are drawn from the upper tail of the distribution. Nonetheless, in
future phases of the project we plan to bemore vigilant and tomore quickly take tablets away from
students who are not making good progress on the classes.
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9 Conclusion

India has a severe missing talent problem. The 7th graders in government schools in our study
population have many obstacles standing between them and STEM degrees at top universities.
Their schools do not have gifted education programs. They have little access to internet resources.
Their parents are not positioned to help them with STEM material. Many are girls in a society in
which girls are also extremely underrepresented in STEM. Our students are well behind similarly
talented US students in their math knowledge and they are falling further behind. It is hard to
imagine that they could overcome these obstacles other than with a sustained multi-year effort.

The RCT described in this paper is the first stage of such an effort. The design of this effort re-
flects several hypotheses: 7th graders are old enough to be able to engage independently on online
courses; providing cellular-enabled tablets is possible at scale; offering an online class to a larger
group is a goodway to identify students whowill engagewith amulti-year program of such classes;
an aggressive approach starting with compelling courses designed for students with greater math
knowledge can work for students who are bright enough and have enough interest and grit.

From this perspective, we view our RCT as a success: we have identified a number of students who
engaged with and did very well in a challenging course, and we identified a number of additional
students who displayed a great deal of grit while struggling to adapt to the level of the course. We
cannot yet know whether the students who succeeded in one course will stick with and learn from
future courses, nor if that will be enough to open up STEM careers, but the results are promising.

One promising aspect is what we find on selection methods. Our methods included a mini-version
of the idea that offering one course would be a good way to find students who will take advantage
of future courses— we gave students a booklet containing one textbook chapter and measured
engagement with it. We find that engagement with the booklet is a powerful predictor of successful
course completion: a one standard deviation increase in booklet engagement is associated with a
6.9 percentage point increase in the probability of successful course completion.

Another striking finding, certainly good news for the long run, is that it is not necessary to provide
students with tutors to make it possible for them to succeed. In fact, these tutors had a negative
effect on student progress. Instead, a simpler-to-scale intervention with low-touch messages and
incentives encouraged student success.

A third interesting finding in this paper is also reassuring. It is a legitimate worry that allowing stu-
dents access to addictive online content might mean that any benefits of online courses could be
offset by negative impacts. Our experiment provided an unusual opportunity to get a detailed look
at how our students used their tablets and how this use was associated with their school perfor-
mance. We do find that students (or their families) spent a tremendous amount of time watching
YouTube videos. But we find quite limited time spent gaming and on social media, and do not
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find adverse effects of YouTube watching on students’ schoolwork. It may be that aspects of our
environment—focus on talented students, few peers having social media accounts, cultural norms,
many non-workingmothers—make tablet abuse less problematic here than it would be elsewhere.

Taken together, the results on selection and support suggest that one might be able to implement
a version of our program that worked even more efficiently. 20.3% of the students we invited to
join our program successfully completed the online course. But the successful completion ratewas
28.5% for students who were not assigned to tutors. And a selection method using a combination
of administrative scores and booklet engagement should also bolster completion rates. The fact
that tutors seem unnecessary should greatly facilitate scaling.

The results in this paper suggest multiple avenues for future research. It is striking that the non-
tutoring version of the program worked so much better than the versions with tutors. It would be
very interesting to learn more about what in our setting leads to this unusual result. The idea of
trying out mini-versions of programs on a larger population also seems like one that could have
many potential applications.

With regard to main questions of interest, the most important topic for further study is, of course,
whether amulti-year effort focused on students who seemwell-matched to online coursework will
be sufficient to allow a substantial number of disadvantaged students to pursue STEM careers. In
this experiment, we havemostly relied on students passing Alcumus quizzes and solving challenge
problems as evidence that students are gaining from the AoPS courses. In the long run, we will
be much more concerned with whether students are moving forward on the path to STEM higher
education and careers. There are many more obstacles to overcome. But we are starting from a
base where essentially no students in the population we study ever reach the upper levels of the
Indian educational hierarchy, and we are keen to see if our program can reverse this.
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A Methodology for initial screen

Here, we describe the methodology used to select the 9,709 students who were eligible for selec-
tion into our RCT.

1. Beginning with our population of 112,630 7th-grade students students in 3,494 Tamil Nadu
government schools, we first identified students we believed had a high probability of suc-
ceeding in the program. At each school, we identified the number of students that meet the
following criteria:

• A “very high achiever” is a student with a raw score of 90 on their 6th grade final exam
scores, and a within-school z-score of over 2.

• A “high achiever” is a studentwith a raw score of 80 on their 6th grade final exam scores,
and a within-school z-score of over 1.5.

We selected a school for inclusion if either

• the school contains at least 1 very high achiever, or

• the school contains at least 2 high achievers.

This procedure allowsus to target selection towards schoolswhereweexpect to find students
that can benefit from our program, and selected 1,441 schools that enroll 73,533 7th-grade
students in total.

2. At included schools, our research teamselected the following studentswere offered the sam-
ple AoPS content:

• Students with a raw score of over 70, a z-score of over 1.2, and with 30z + score >
125. (All criteria needed to be met to be chosen.) In doing so, we attempted to capture
students with high achievement in mathematics..

• For schools with more than 5 students selected using the above criteria, we also, with
probability 1

2 , selected ∼15% more students randomly from those above the 75th per-
centile within their school. This allowed us to explore how selection would work for
students lower in the achievement distribution.

This procedure selected 7,272 students across the 1,441 schools.

3. As teachers may have more informative signals about student ability than that observed in
the administrative data, the final set of students was chosen using the following procedure.

(a) At each school, wedescribed the study and sample content to themath teacher. We then
ask them to identify the top 5% of students in mathematics in their school (minimum of
1) to receive the sample AoPS content.
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(b) We then revealed the list of students described in step (2).

(c) Finally, we asked the teacher to identify the top 2.5%of students (minimum1)who have
“high potential” – students that may benefit from our program, even though their test
scores may not necessarily reflect it.

By construction, students in group (a) may overlap with the 7,272 students we had already
identified, but students in group (c) can have no overlap with the existing sample. In total,
this procedure enrolled 2,437 additional students.

This resulted in our final sample of 9,709 students.
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B Supplementary tables and figures

This section contains supplementary tables and figures.

Table B.1 Balance test for main treatment sample. Referenced in Section 2.2.
Table B.2 Baseline academic covariates for RCT sample selected using each selection

method. Referenced in Section 2.2.1.
Table B.3 Balance tests for tutor subtreatment. Referenced in Section 2.2.2.
Table B.4 Balance test for computer lab subtreatment. Referenced in Section 2.2.2.
Table B.5 Balance tests for incentive subtreatment. Referenced in Section 2.2.2.
Table B.6 Balance tests for selection treatment. Referenced in Section 2.2.1.
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Table B.1: Balance table for main treatment.

(1) (2) (3) (4) (5) (6) (7)
Male Disadvantaged English-Medium Admin (z) Booklet (z) Quiz (z) Grit (z)

Treatment 0.00729 0.0150 0.0180 -0.0366 0.0483 -0.0169 -0.0945
(0.0323) (0.0226) (0.0375) (0.0492) (0.0750) (0.0590) (0.0860)

Control Mean 0.3254 0.2249 0.4294 0.5223 0.5276 0.8598 0.6501
Control Sd 0.4688 0.4177 0.4953 0.7532 1.0272 0.9349 1.2024
p-value 0.8216 0.5072 0.6317 0.4576 0.5193 0.7750 0.2725
Step-down p-value
(Romano-Wolf)

0.9750 0.9750 0.9750 0.9750 0.9750 0.9750 0.8861

Standard errors in parentheses, and clustered at school level. Table shows regressions of student characteristics on indicator for treatment.
Statistics below table include control mean for the relevant variable, control standard deviation for the relevant variable, p-value on treatment,
and step-down p-value for treatment applying the Romano-Wolf correction with 1,000 repetitions.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table B.2: Academic covariates for students selected by each selection method.

(1) (2) (3) (4) (5) (6) (7) (8)
Admin
Booklet
Quiz

Admin
Quiz

Booklet
Quiz

Admin
Booklet Booklet Admin Quiz Grit

Exam scores 90.14 92.99 85.23 90.26 86.15 93.72 87.85 83.34
(7.983) (6.272) (11.07) (7.668) (10.17) (7.234) (10.04) (11.44)

Within-school z-score 1.654 1.835 1.504 1.750 1.565 1.864 1.586 1.526
(0.580) (0.560) (0.717) (0.620) (0.777) (0.614) (0.696) (0.773)

Admin (z) 0.561 0.810 0.174 0.584 0.244 0.887 0.379 0.0212
(0.656) (0.503) (0.912) (0.635) (0.851) (0.525) (0.830) (0.950)

Quiz Score (%) 63.11 63.85 65.37 58.33 63.43 54.92 66.93 63.13
(16.83) (16.79) (19.39) (19.33) (18.77) (18.30) (13.35) (20.24)

Booklet (z) 0.811 0.365 1.160 1.045 1.238 0.114 0.646 0.319
(0.925) (1.022) (0.873) (0.849) (0.795) (0.991) (0.858) (0.834)

Grit (z) 0.324 0.252 0.191 0.128 0.236 -0.0665 0.198 1.136
(1.060) (1.017) (0.971) (1.048) (1.205) (1.005) (1.048) (0.633)

Observations 495 556 269 224 183 318 200 245
Table showsmean (main) and standard deviation (parentheses) of various academic characteristics for students selected by each
selection method.
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Table B.3: Balance table for tutoring subtreatment.

(1) (2) (3)
Diff.

(1)–(2)
Diff.

(1)–(3)
Diff.

(2)–(3)

Male 0.318 0.364 0.297 -0.046* 0.020 0.066*
(0.466) (0.482) (0.458) (0.025) (0.037) (0.039)

Disadvantaged 0.237 0.254 0.205 -0.017 0.032 0.049
(0.426) (0.436) (0.405) (0.023) (0.034) (0.035)

English-Medium 0.419 0.467 0.503 -0.048* -0.084** -0.035
(0.494) (0.499) (0.501) (0.027) (0.040) (0.041)

Admin (z) 0.490 0.498 0.428 -0.008 0.062 0.070
(0.780) (0.747) (0.902) (0.041) (0.064) (0.065)

Booklet (z) 0.541 0.630 0.547 -0.089* -0.006 0.083
(0.981) (1.010) (1.022) (0.053) (0.079) (0.083)

Quiz (z) 0.820 0.875 0.836 -0.055 -0.016 0.040
(0.892) (0.940) (0.838) (0.050) (0.071) (0.077)

Grit (z) 0.580 0.564 0.431 0.016 0.148 0.132
(1.223) (1.216) (1.089) (0.066) (0.096) (0.098)

Observations 800 610 195 1410 995 805
Table contains means for tutoring subtreatments and tests for significance in baseline character-
istics. Column (1) contains means and standard deviations in parentheses for the no tutoring arm,
Column (2) for the group tutoring arm, and Column (3) for the individual tutoring arm. The next 3
columns contain the difference between the columns described, with standard errors in parenthe-
ses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table B.4: Balance table for computer lab subtreatment.

(1) (2)
Diff.

(1)–(2)

Male 0.336 0.332 0.004
(0.473) (0.471) (0.026)

Disadvantaged 0.192 0.259 -0.067***
(0.394) (0.438) (0.024)

English-Medium 0.458 0.443 0.014
(0.499) (0.497) (0.027)

Admin (z) 0.530 0.468 0.063
(0.768) (0.788) (0.043)

Booklet (z) 0.649 0.547 0.103*
(1.005) (0.993) (0.055)

Quiz (z) 0.806 0.858 -0.051
(0.836) (0.930) (0.050)

Grit (z) 0.520 0.570 -0.050
(1.255) (1.185) (0.067)

Observations 459 1146 1605
Table contains means for computer lab subtreatments and
tests for significance in baseline characteristics. Column (1)
contains means and standard deviations in parentheses for the
computer lab arm and Column (2) for the no computer lab arm.
The final column contains the difference between the columns
described, with standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table B.5: Balance table for incentive subtreatment.

(1) (2) (3)
Diff.

(1)–(2)
Diff.

(1)–(3)
Diff.

(2)–(3)

Male 0.353 0.329 0.316 0.024 0.037 0.013
(0.478) (0.470) (0.465) (0.030) (0.028) (0.029)

Disadvantaged 0.258 0.248 0.216 0.010 0.041 0.032
(0.438) (0.432) (0.412) (0.027) (0.026) (0.026)

English-Medium 0.461 0.417 0.462 0.044 -0.002 -0.046
(0.499) (0.493) (0.499) (0.031) (0.030) (0.030)

Admin (z) 0.493 0.490 0.475 0.002 0.018 0.016
(0.771) (0.824) (0.758) (0.050) (0.046) (0.048)

Booklet (z) 0.437 0.594 0.690 -0.156** -0.253*** -0.096
(0.978) (0.978) (1.018) (0.061) (0.060) (0.061)

Quiz (z) 0.784 0.864 0.880 -0.080 -0.096* -0.016
(0.913) (0.868) (0.927) (0.056) (0.056) (0.056)

Grit (z) 0.472 0.547 0.642 -0.075 -0.170** -0.095
(1.228) (1.198) (1.187) (0.075) (0.073) (0.073)

Observations 532 504 569 1036 1101 1073
Table contains means for incentives subtreatments and tests for significance in baseline characteris-
tics. Column (1) contains means and standard deviations in parentheses for the enforced incentives
arm, Column (2) for the unenforced incentives arm, and Column (3) for the no incentives arm arm.
The next 3 columns contain the difference between the columns described, with standard errors in
parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table B.6: Balance table for selection subtreatment.

Comparison Male
Disadv-
antaged

English-
medium Admin z Booklet z Quiz z Grit z

1 vs. 2 –0.005 0.005 0.015 0.012 0.042 –0.034 –0.000
(0.016) (0.015) (0.016) (0.033) (0.032) (0.033) (0.039)

1 vs. 3 –0.019 –0.018 0.110*** –0.090** –0.061 –0.047 –0.093*
(0.019) (0.017) (0.018) (0.039) (0.038) (0.038) (0.048)

1 vs. 4 –0.048** –0.026 0.073*** –0.032 0.136*** 0.020 –0.178***
(0.020) (0.019) (0.020) (0.042) (0.042) (0.042) (0.049)

1 vs. 5 0.011 –0.015 –0.014 –0.053 0.052 –0.085** –0.146***
(0.020) (0.019) (0.020) (0.042) (0.041) (0.041) (0.049)

1 vs. 6 –0.055*** –0.023 0.085*** –0.053 0.029 –0.077** –0.148***
(0.018) (0.017) (0.018) (0.038) (0.038) (0.038) (0.046)

1 vs. 7 –0.026 –0.014 0.046** –0.034 –0.075* –0.089** –0.079
(0.020) (0.018) (0.020) (0.041) (0.041) (0.041) (0.050)

1 vs. 8 –0.042** –0.042** 0.042** 0.022 0.002 0.004 –0.133***
(0.018) (0.017) (0.018) (0.037) (0.037) (0.037) (0.045)

2 vs. 3 –0.013 –0.024 0.095*** –0.102*** –0.103*** –0.013 –0.093*
(0.019) (0.017) (0.019) (0.039) (0.038) (0.039) (0.048)

2 vs. 4 –0.043** –0.032* 0.058*** –0.044 0.094** 0.053 –0.178***
(0.020) (0.019) (0.020) (0.042) (0.042) (0.042) (0.049)

2 vs. 5 0.016 –0.021 –0.029 –0.065 0.010 –0.051 –0.146***
(0.020) (0.019) (0.020) (0.042) (0.041) (0.041) (0.049)

2 vs. 6 –0.050*** –0.028* 0.070*** –0.065* –0.013 –0.043 –0.148***
(0.018) (0.017) (0.018) (0.038) (0.038) (0.038) (0.046)

2 vs. 7 –0.021 –0.020 0.031 –0.046 –0.117*** –0.056 –0.079
(0.020) (0.018) (0.020) (0.041) (0.041) (0.041) (0.050)

2 vs. 8 –0.037** –0.047*** 0.026 0.010 –0.040 0.037 –0.133***
(0.018) (0.017) (0.018) (0.037) (0.037) (0.037) (0.045)

3 vs. 4 –0.030 –0.008 –0.037 0.058 0.197*** 0.066 –0.085
(0.022) (0.021) (0.022) (0.047) (0.046) (0.047) (0.057)

3 vs. 5 0.030 0.003 –0.124*** 0.037 0.113** –0.038 –0.053
(0.022) (0.021) (0.022) (0.046) (0.046) (0.046) (0.057)

3 vs. 6 –0.037* –0.005 –0.025 0.037 0.090** –0.030 –0.055
(0.021) (0.019) (0.021) (0.044) (0.043) (0.043) (0.054)

3 vs. 7 –0.008 0.004 –0.064*** 0.056 –0.014 –0.043 0.014
(0.022) (0.020) (0.022) (0.046) (0.045) (0.046) (0.058)

3 vs. 8 –0.024 –0.023 –0.068*** 0.112*** 0.063 0.050 –0.040
(0.020) (0.019) (0.020) (0.043) (0.042) (0.042) (0.054)

4 vs. 5 0.059** 0.011 –0.087*** –0.021 –0.084* –0.104** 0.032
(0.024) (0.022) (0.023) (0.049) (0.049) (0.049) (0.058)

4 vs. 6 –0.007 0.003 0.012 –0.021 –0.107** –0.097** 0.030
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Comparison Male
Disadv-
antaged

English-
medium Admin z Booklet z Quiz z Grit z

(0.022) (0.021) (0.022) (0.046) (0.046) (0.046) (0.055)
4 vs. 7 0.022 0.012 –0.027 –0.002 –0.211*** –0.109** 0.099*

(0.023) (0.022) (0.023) (0.049) (0.048) (0.048) (0.058)
4 vs. 8 0.006 –0.015 –0.032 0.053 –0.134*** –0.016 0.045

(0.022) (0.020) (0.022) (0.046) (0.045) (0.045) (0.054)
5 vs. 6 –0.066*** –0.008 0.099*** 0.000 –0.023 0.008 –0.002

(0.022) (0.020) (0.022) (0.046) (0.046) (0.046) (0.055)
5 vs. 7 –0.037 0.001 0.060*** 0.019 –0.127*** –0.005 0.067

(0.023) (0.021) (0.023) (0.048) (0.048) (0.048) (0.058)
5 vs. 8 –0.053** –0.026 0.055** 0.075* –0.050 0.088** 0.013

(0.022) (0.020) (0.022) (0.045) (0.045) (0.045) (0.054)
6 vs. 7 0.029 0.009 –0.039* 0.019 –0.104** –0.012 0.069

(0.022) (0.020) (0.022) (0.045) (0.045) (0.045) (0.056)
6 vs. 8 0.013 –0.018 –0.044** 0.074* –0.027 0.081* 0.015

(0.020) (0.019) (0.020) (0.042) (0.042) (0.042) (0.052)
7 vs. 8 –0.016 –0.027 –0.005 0.056 0.077* 0.093** –0.054

(0.021) (0.020) (0.021) (0.045) (0.044) (0.044) (0.055)

Table presents comparisons of means of demographic variables for the set of students who were considered by each

selection method. These means are calculated for all 9,709 screened students, not just those selected; as such, they

should be balanced across covariates. Table contains both differences in means and standard errors in parentheses.

Here, (1) refers to Admin+Booklet+Quiz, (2) to Admin+Quiz, (3) to Booklet+Quiz, (4) to Admin+Booklet, (5) to Booklet, (6)

to Admin, (7) to Quiz, and (8) to Grit.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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