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Abstract

Cognitive capacity—a key predictor of labor productivity—has traditionally been viewed as
a fixed component of human capital. This project reexamines this view by testing whether at-
tentional ability is endogenously shaped through one’s socioeconomic environment. We focus on
a specific dimension of attention: the ability to sustain focus toward a task. We first document
a novel fact: lower-income individuals exhibit larger attentional declines than more affluent ones
across disparate field settings in both rich and poor countries—school tests, worker productivity,
voting—and these declines help explain performance differences among the rich and poor. Next,
through a field experiment with 1,650 low-income Indian primary school students, we increase
the time devoted to focused cognitive activity during the school day, using either math or non-
academic content. Each of these interventions improves the ability to sustain focus across a
variety of unrelated domains—–academic performance, listening retention, and IQ, as well as on
traditional attentional ability measures–—indicating that our interventions affected an under-
lying core resource. Our findings suggest that worse schooling environments may disadvantage
poor children by hampering the development of cognitive capacity.
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1 Introduction

Cognitive ability is a fundamental input into labor productivity and decision-making. Tradi-
tionally, cognition has been viewed as a fixed component of "ability." In this paper, we reexamine
this view. We postulate that cognitive capacity is not fixed, but rather is at least partly shaped
through one’s socioeconomic environment. Moreover, we argue that this may help explain why the
poor exhibit worse cognition than the rich in a wide variety of settings.

Literatures in psychology have long discussed the possibility that environmental factors, includ-
ing schooling, may have the potential to alter cognitive capacity (e.g., Scribner and Cole (1973).1

The fundamental nature of basic cognition suggests that—because it influences performance across
disparate daily activities—even small gains could be highly valuable when aggregated. Consequently,
this hypothesis has potentially important implications for understanding human capital development
and how it may mediate inequality.

We focus our study on a core cognitive resource, attention, which is thought to underlie all con-
scious activity—both cognitive processes such as solving a math problem and also “non-cognitive”
activities such as exerting self-control (Chun et al., 2011). A growing literature in behavioral eco-
nomics has begun to explore the central role of attention in economic life—specifically, how limited
attention can constrain decision-making and behavior across domains (Chetty et al., 2009; Hanna
et al., 2014; Gabaix, 2019; Gabaix and Laibson, 2006; Gabaix et al., 2006; Angeletos and Sastry,
2019). Yet, despite its potential importance to long run educational attainment, decision-making,
and labor market outcomes, little is known about whether attention is malleable or a part of "in-
nate ability". Moreover, if the ability to sustain attention is indeed malleable, is this fundamental
capacity developed though traditional methods of human capital accumulation such as schooling?

In this paper we first document a novel fact: lower-income individuals are less able to sustain
cognitive performance over time than more affluent ones across disparate field settings. For example,
the international TIMSS test is used to assess academic achievement and preparedness of students in
the U.S. and other countries. Question order is randomized, so that questions appear earlier in the
test for some students and later for others. Students show marked declines in performance over the
course of the test—consistent with attentional fatigue. An average student is about 7.5% less likely to
answer a question correctly if it occurs at the end of the test rather than the beginning. This pattern
is robust to controlling for question fixed effects, and is not explained by students simply not finishing
the test. Moreover, low income students show substantively greater performance declines over time
than richer ones. This is true when comparing rich vs. poor students within the US, and also
students in rich vs. poor countries globally. These differences in decline are meaningful—explaining,
for example, 10% of the performance gap between higher and lower income US students. While

1More recently, development economists have documented the impact of poverty and one’s environment on tem-
porary shifts in cognitive function (Mani et al., 2013; Mullainathan and Shafir, 2013; Bessone et al., 2019). While
related, our focus is distinct: we focus on long-run shifts in capacity rather than temporary deviations from that
capacity.
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only suggestive, this indicates that attentional declines are a determinant of performance, and vary
systematically with socioeconomic status across settings.

These declines are not unique to academic tests. For example, we document a similar empirical
pattern in worker productivity. Virtually any work task requires the direction of attention, which
can diminish with cognitive fatigue. Using data from Kaur et al. (2015), we examine the hourly
performance of full-time data entry workers. We document a marked decline in entry accuracy over
the workday—a meaningful outcome because workers are paid piece rates only for accurate fields
entered. Moreover, the decline rate among less educated workers is 21%—twice that of those with
more (i.e. above high school) education. The difference in declines accounts for 10% of the produc-
tivity gap between these two groups. More generally, cognitive declines have potential implications
for productivity in various occupations–from judges making decisions throughout the day, to doctors
treating patients over the course of a long shift, to TSA screeners examining packages at the airport.

The above empirical patterns indicate a correlation between socioeconomic status and attentional
declines in a variety of field settings. However, it is unclear whether this relationship is a cause of
a consequence of poverty. Are socioeconomic differences generated by differences in cognition, or
are differences in cognition driven by systematic differences in investments across socio-economic
groups?

We hypothesize that the ability to sustain and direct attention over time may be a malleable
component of human capital. This hypothesis suggests that schooling may do more than traditionally
thought: it might not only build skills/knowledge, it may also shape basic cognition. This view may
help explain, for example, puzzling findings in the labor literature that indicate that schooling
interventions boost long-term outcomes for students through channels that seem to operate beyond
test scores or academic skills (e.g. Chetty et al. (2011)).

To test this hypothesis, we conduct a randomized controlled trial with 1,650 low-income primary-
school students in India to examine whether attentional capacity is malleable. The goal of our
interventions is to increase the amount of sustained time students spend on cognitively-challenging
activity. This marks a deviation from the status quo in under-resourced schooling environments,
where we document that students spend little time exerting focused attention at school or at home.
We develop two interventions. In the first treatment, students practice mathematics problems for
sustained periods using an individualized adaptive tablet-based math platform. This treatment
mimics what good schooling does–providing cognitively challenging focused activity within the con-
text of academic learning. In the second treatment, students play cognitively demanding games for
sustained periods of time. This enables us to increase time spent on focused activity free of any
academic content. The control group continues to receive a status-quo math study hall period, where
students do a small number of math problems copied from the chalkboard (as is standard in this
setting). For each of the two treatment groups, the study hall period is replaced with these cognitive
practice periods 1-3 times per week. In total, each treatment resulted in 20 hours of focused practice
over the course of a 6 month period during the academic year. Note that while the interventions
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are delivered via tablet, this is not consequential for testing our hypothesis—it was simply a con-
venient implementation approach. Moreover, none of our outcome measures test students on any
tablet-based medium.

We examine students’ attentional endurance via three tests across diverse domains: math, listen-
ing retention, and IQ.2 We develop a simple and generalizable field approach to measure attention
over time in each domain. For each test, we randomize the order in which questions appear–—so
that a question appears early in the test for some students and later for others. We then examine
declines in performance over time, controlling for question fixed effects. These tests are all admin-
istered using paper and pencil. In addition, students are provided ample time to finish each test,
so that declines cannot be driven by unanswered questions (we also directly verify that students
complete the tests in the data).

We find that our interventions improve attentional capacity across each of these unrelated
domains: mathematics, listening retention, and IQ. In addition, the effects are relatively large–
—ranging from 20% to 60% of the total decline experienced by the Control group—–despite the
fact the students engaged in only 20 hours of training. If these results are applied to data from an
international achievement test, it would cut the gap in performance decline between high and low
income countries in half.

A potential concern with interpreting our findings is that our treatments could simply have made
students better at each given test type, e.g. math. We overcome this concern in two ways. First,
the domains over which we test attentional declines are markedly different from at least one if not
both of the interventions. For example, neither intervention trains students on listening. Similarly,
IQ as measured by Ravens Matrices test is considered to be an immutable characteristic. While the
math treatment arm did train students on math, the games treatment arm did not. Second, if our
interventions had inadvertently "taught" students how to perform better on a particular domain,
then we would expect to see level shifters in performance even at the start of the test (e.g. the first
decile of questions). However, we find no evidence for level effects in the beginning of each test.
This indicates that our interventions did not train students on content. Rather, they made them
more able to maintain cognitive focus in carrying out these tasks. The lack of level effects in the
beginning also help rule out other potential confounds such as general confidence or motivation.3

Treated students also improve on an index of traditional cognitive psychology measures of sus-
tained attention. In addition, they perform better on an index of classroom behaviors adapted from
the Vanderbilt ADHD diagnostic teacher rating scale.4

Through our experiment, we show that features of the schooling environment can improve atten-
2The math test covers the standard math curriculum, making it directly policy relevant. The listening test mimics

the skills necessary to listen to a teacher and absorb the information by asking students to listen to series of short
stories and respond to short factual questions. The IQ test is frequently used measure of fluid intelligence, Raven’s
Matrices.

3In addition, we rule out impacts on grit by documenting that the treatments did not affect students’ performance
on questions after they (randomly) encounter a particularly difficult question.

4Observers rating student behavior were blind to treatment condition.
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tional capacity. Cross-sectional observational data supports the relevance of this finding. Using time
use data from the TIMSS dataset, we document that students in poorer countries spend less time
on focused independent practice than those in richer countries. Moreover, in schools where students
spend more focused independent practice time, students exhibit smaller attentional declines over
time–even after controlling for SES.

Taken together, these results suggest schooling content and quality can meaningfully shape fun-
damental cognitive skills that are not directly taught. Because this particular skill is an input to a
wide variety of activities in school and the labor market, differences in schooling may be a channel
through which achievement gaps across socio-economic groups persist.

This paper makes four contributions. First, we demonstrate that a fundamental element of
cognition—the ability to sustain and direct attention—which has traditionally been considered a
fixed element of "ability" is malleable in childhood.5 These changes are not limited to the domain
that is directly trained. Rather they are broad-based and generalizable across domains as divergent
as completing a math problem and listening to and understanding information.6

Second, we extend our understanding of the role of schooling in human capital accumulation.
Schooling’s potential influence on basic cognition may provide an alternative explanation for the
observed education, wage, and health gains observed from interventions which improve schooling
quality (Chetty et al., 2009; Heckman et al., 2006; Alan and Ertac, 2018; Kautz et al., 2014). Further,
differences in pedagogy and the quality of the schooling environment by income have the potential
to widen disparities in such skills. More affluent students naturally obtain practice throughout
their school day, inputs that many low-income students often fail to receive (Association For The
Evaluation Of Educational Achievement, 2013).7

Third, this research speaks to our interpretation of the correlation between socio-economic status
and cognitive performance (Banerjee and Mullainathan, 2008; Balart et al., 2018; Lawson et al., 2014;
Hackman et al., 2015). To understand whether this gradient is a cause or a consequence of poverty
it is crucial to determine whether basic cognitive skills are malleable and how they are formed. Our
research suggests that growing up in poverty may limit cognitive development through low-quality
schooling and limited opportunities to practice such basic skills. If individuals do not have the
opportunity to practice exerting sustained cognitive focus, this capacity will be under-developed
and may generate broad negative consequences for cognitive functioning, educational attainment,
labor productivity, and economic life.

5There is evidence from laboratory studies that other executive functions – such as fluid intelligence – are malleable
(Klingberg et al., 2005; Jaeggi et al., 2008). Typically, these studies find little evidence of training transferring beyond
those directly trained (Bergman Nutley et al., 2011; Holmes et al., 2009; Klingberg et al., 2005; Diamond, 2013).
However, as is typical of many laboratory based studies, sample sizes are typically quite small (typically 15-40
individuals per arm), such that these studies may simply be underpowered to detect effects.

6Notably, the methodology we develop to measure attentional capacity in this study can also be applied broadly,
allowing other researchers to evaluate impacts on this skill via other tests they are conducting simply be randomizing
the order of the questions asked.

7The specific elements of schooling which promote or hinder active engagement in different environments is an
important area for future work.
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Finally, our study offers a micro-foundation for the persistence of achievement gaps between
the rich and the poor. Because attentional capacity is an input for so much of human activity,
environments which fail to promote the development of this skill are likely to generate long run
differences in both schooling and labor market outcomes. These gaps may create feedback loops
(e.g. via enrollment in lower quality schools) that span generations and decrease ones chance of
escaping poverty.

2 Declines in Attention

2.1 Attentional Declines are Common Across Many Domains

Attention is a core cognitive resource which underlies all activity. Acting as a constraint on
processing power, attentional limits are likely to influence economic decision-making in myriad ways
(Gabaix, 2019). The ability to sustain and direct attention toward a task over time is particu-
larly relevant to a wide variety of settings and professions. As motivational evidence, we document
cognitive declines across a range of settings below. This empirical regularity suggests the broad
applicability of this element of cognition.

Academic Test Performance. The focus of this study, education, is an area where the ability to
sustain focus is likely to be important both to learning and to performance on exams. The Trends
in International Mathematics and Science Study (TIMSS) is administered to thousands of 4th, 8th,
and 12th grade students every four years across the United States and a selection of other countries
which vary substantially in income (e.g. Thailand, Armenia, and Singapore). Importantly the order
in which blocks of questions are administered is randomized within the test, generating a consistent
average difficulty across the exam and allowing us to estimate declines in attention across the exam.8

As shown in Figure 1, performance declines across the test are substantial. A student is roughly
7% more likely to get a question right at the beginning of the test than if they answered the same
question at the end of the exam.

Worker Productivity. Virtually any work task requires the direction of attention, which can
diminish over the course of the workday. Using data from Kaur et al. (2015), we examine hourly
performance of full-time data entry workers over nine months. Workers’ earnings were comprised
of a piece rate for each accurate field entered. A data entry error is therefore costly: the worker
expends time and effort to transcribe a word, but receives no payments. Figure 2 documents a

8Differences in motivation could also influence the rate of decline. While Zamarro et al. (2019) do find significant
differences in effort exerted, these differences largely influence the initial level of performance rather than the rate of
decline. Similarly, long tests which do not allow students to finish may also drive declines in some contexts. However,
completion rates are over 95% for all of the exams in this study and results are similar when considering only completed
questions.
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marked decline in accuracy rates over the course of the day. On average, error rates increase roughly
12% between 10am and 4pm. To make up for the loss in productivity from the attentional decline,
worker piece rates would need to increase by 2.4% by the end of the workday to achieve the same
output as in the beginning of the day.9

Attentional declines appear prevalent and consequential in a wide variety of other professions
as well. For example, Brachet et al. (2012) find that fatigue during long paramedic shifts "result
in a 0.76 percent increase in 30-day mortality." Danziger et al. (2011) find that judges become
significantly harsher in their judgements as their shifts progress, but leniency returns following a
break. More broadly, Warm et al. (2018), documents the crucial role of attentional capacity in a
wide variety of professions such as sentries, truck drivers, air traffic control operators, and industrial
quality control. In each of these domains, error rates and attentional lapses increase over time with
economically meaningful impacts on productivity and outcomes with long-run consequences such as
criminal conviction and mortality.

Voting Behavior. The effects of attentional capacity may also generalize well beyond the more
readily apparent domains discussed above. For example, many everyday decisions and actions such
as planning a party or planning for one’s retirement require sustained focus. Although less obvious,
these effects are likely to be pervasive. For example, Augenblick and Nicholson (2015) provide
evidence of similar declines in attention in voting behavior (results are reproduced in Figure 3).
Using quasi-random variation in the order of ballot initiatives, the authors find that individuals are
substantially more likely to vote the default option when items that are further down-ballot. These
effects are substantial enough to alter the outcome of 6% of the propositions in their data set.

2.2 Attentional Declines are Correlated with Socio-economic Status

Many elements of cognition are known to to be correlated with socio-economic status and current
income (Hackman et al., 2015; Farah et al., 2006; Lawson et al., 2014; Balart et al., 2018; Mani et
al., 2013; Banerjee and Mullainathan, 2008; Clearfield and Jedd, 2013). We find a similar correlation
between socio-economic status and the ability to sustain focus. The differences occur in important
domains and are often substantial.

Academic Test Performance. During the TIMSS test, the rate of decline in performance among
students in low-income countries is roughly twice the rate of decline among students in high-income
countries (Figure 4). Similar differences are found among high-income and low-income students
within the United States (Figure 5). These gaps are meaningful: the difference in the rate of decline
accounts for 7% of between country and 10% of within country test score differences.

9Analysis conducted using 10 am - 4 pm to avoid compositional effects of workers arriving and departing. Piece
rate calculations are based on the effort elasticity of 0.33 estimated in Kaur et al. (2015).
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Worker Productivity. Similarly, when comparing more educated workers to less educated workers
engaged in data entry (i.e. those with above or below high school education), there is clear evidence
of a differential pattern of increase in production errors over the course of the day. 10 As shown in
Figure 6, less educated workers experience an estimated increase in their error rate of 1.3 percentage
points, or 21% from the beginning to the end of the workday.Their decline in accuracy that is twice
as large as that of more educated workers by 4 pm. Overall, the magnitude of the decline among
less educated workers amounts to 10% of the productivity gap between higher and lower educated
workers in the sample.

3 Experimental Design

The broad pattern of attentional declines across many domains and differences in the rate of de-
cline by socio-economic status motivate our randomized controlled trial. The RCT explores whether
students in India – who typically receive very little practice in sustaining attention over time – can
improve their ability to sustain focus in a broadly generalizable fashion using a simple school-based
intervention.

3.1 Background

Sample. To test these ideas, we conducted a randomized field experiment with 1,650 students in
6 Indian primary schools in and around Lucknow, India. These schools serve students in low to
middle-income households, with per capita incomes between $1.50 and $5 per person per day (a
common range for private schools in India). All students in grades one through five of these schools
(ages five to eleven) were enrolled into the program and randomized at the individual level, stratified
by class section and baseline math test scores.

Context. Developing countries have made enormous gains in boosting school enrollment; primary
school completion is now 96% in India (World Bank 2014). Yet, despite the growth in enrollment,
the quality of education remains dismal. For example, 53% of third to fifth graders cannot do basic
subtraction (first grade math) (Pratham, 2011). Weaker students are promoted through grades,
but fall so far behind, they are unable to engage in class material. Classrooms of such diverse
achievement are difficult for teachers to manage, leading to a disruptive environment and poor
instruction. Pedagogy which promotes rote memorization is common. Parents do not expect children
to do academic work outside of school, leading to little time spent on homework. Consequently,
students seldom have the opportunity to engage in focused cognitive activity for sustained periods
of time either inside or outside the classroom. Such conditions are typical of many developing
countries (Bank, 2004).

10In (Kaur et al., 2015), the only available SES measure is education. Educational levels are divided using a median
split, which corresponds to whether the worker has above a 12th grade education.
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3.2 Experimental Arms

We implement two distinct sets of interventions, each of which is randomized at the student
level. The goal of each intervention is to increase the time spent continuously engaged in attention-
heavy tasks. The first intervention mimics the way in which students traditionally practice exerting
directed attention over sustained periods in schooling settings—academic practice, in our case by
solving math problems. Students in this arm are provided with adaptive software on a tablet which
is customized for each student’s baseline achievement level—and also makes it impossible to cheat
from one’s neighbors. Consequently, each student is individually engaged in solving problems for
the entire period, a feature which has been shown to be important in developing attentional skills
(Diamond, 2013; Klingberg et al., 2005).11

Math Treatment. The Math Treatment condition substantially increases the likelihood that stu-
dents engage in sustained focus during study hall periods. However, it also potentially boosts
academic learning. In contrast, our hypothesized mechanism suggests that any sustained cognitive
engagement should deliver attentional benefits. Consequently, we include an additional treatment
arm, which requires students to engage in cognitive activities that do not entail any academic learn-
ing or practice.

Games Treatment. This second intervention — the Games Treatment — requires students to
engage in cognitive activities such as attention-oriented games for sustained periods, without any
academic learning. Students spend the study hall periods engaged in non-instructional cognitive
games which require extended focus. For example, students play games of attentional focus such as
tangrams and N-back12. Students cycled through seven such games, in order to promote variation
and continued engagement. As in the Math condition, the content is designed to generate consistent
engagement through increasing difficulty of each of the activities. The games were delivered via
tablets to allow students to move at their own pace. Both the Math and Games treatments resulted
in roughly 20 to 25 minutes of sustained practice for the average student in a typical 30 minute
session.

Control. These two treatment arms are compared to a Control arm which dedicates the same
amount of time to a traditional study hall period. During a typical study hall, teachers write a
small number (typically approximately five) of problems on the board, and the students are asked
to solve these problems in their notebooks. The questions used in these study halls were drawn

11Notably, this approach to increasing practice of sustained focus is likely to be context specific. While some
features of the interventions such as their adaptive nature are likely to be important broadly, other features such as
the technology-based solution, may be less relevant in contexts where tablets are less novel and hence less engaging.

12Tangrams tasks students with rotating and moving objects to generate a given shape. N-back presents the children
with an ordered series of stimuli. They indicate whether the current stimulus is the same as the one N-previous to it.
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from the same question bank as was used in the Math Treatment. Engagement levels during these
study halls vary substantially by school, classroom size, and the difficulty of the questions. However,
students typically finish well before the period is over and then talk to neighbors, or (among weaker
students who are not at grade level) do not attempt the questions at all. On average based on
monitoring conducted by a program staff member, we estimate that students in this arm undertake
five the ten minutes of sustained practice during the 30 minute period.

3.3 Timing

These activities were scheduled to take place two to three times per week over four months.
However, given school closures and holidays the average number of sessions undertaken was 43,
resulting in 15 to 20 hours of practice in sustaining focus among treated students.13 These periods
replaced study halls or "activities" classes such as an art period. The above design ensures that
the physical time spent in the different treatment conditions (i.e. the number of study hall periods)
is exactly the same across all three groups. All other aspects of students’ schedules and curricula
remained unchanged and consistent across experimental arms.

4 Outcomes

4.1 Overview

An important feature of basic cognition is its broad applicability; basic cognitive processes are
used in nearly all activities. In order to determine whether the treatments are improving the ability
to sustain focus rather than simply training a given task, we measure the effect of each of these in-
terventions on attentional capacity using three primary tests across diverse domains of performance:
math, listening , and an IQ test. These field measures rest on a novel approach which enables us to
directly test for whether attentional skills are observed broadly across a variety of domains/contexts.

Specifically, to measure sustained focus across a wide variety of domains we examine students’
performance over the length of an exam and compare how much less likely a student is to get a
question correct at the end of the exam than the beginning of the exam. In order to construct an
identified test for these “decline” effects, we randomize the order in which questions appear across
students. This means, for example, the same question item could occur as question 1, 10, etc. in a
students’ test packet. Test packets were randomized across students.14

Our key prediction is that students with better sustained attention will show less decline in
performance over time, controlling for the difficulty of the question. Thus, while students in the

13Given that some practice was undertaken in the Control, this difference is likely to be an upper bound on the
additional time spent on focused activity.

14The test packets were well randomized with the number of imbalances across experimental arms no more than
would be expected by chance.
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control and treatment conditions may perform similarly well in the initial test questions, we expect
to see a gap emerging over the length of the exam, where the control students lose focus and
performance declines in the latter part of the exam. This prediction is a result of the training
provided, which targets the ability to sustain focus rather than the test domain itself (e.g. listening
to a story). Correspondingly, the prediction of reduced decline in performance is a very specific to
the mechanism of sustained attention. This feature, along with the richness generated by the random
ordering of questions, helps us distinguish our proposed mechanism from confounding explanations.

4.2 Primary Outcomes

This general design is applied to practical tests in three diverse and important domains:

(1) Math. A standard paper-and-pencil test, which focuses on the content in the math curriculum
for each student’s given grade level. Students’ performance on the test was counted toward
their final mathematics grade, giving the test natural stakes. Students are given roughly 25
minutes to complete this exam.

(2) Ravens Matrices. This is a non-verbal multiple-choice test of reasoning in which the partic-
ipant is asked to identify the element that completes a pattern in a figure (Raven, 1936, 2000).
This test is often said to capture “ability” or “IQ”. Students took a shortened paper-and-pencil
version of the test, adapted for appropriateness for each grade level.15

(3) Listening. This task measures students’ ability to listen to a passage without losing focus, as
is required in nearly all typical classroom settings. Using headphones, each student listened
to a pre-recorded set of short simple stories. After each story, the student was asked questions
about the content of the story, for example, “what color was the dolphin?”? In order to avoid
any concerns about literacy, answers were multiple choice and visual (e.g. in the above example,
green, blue, black, and grey squares to denote the color of the dolphin). After answering the
three questions, the students listened to the next passage, again followed by simple multiple
choice questions answered in a paper-booklet. Both the order of the passages and the order of
questions within passages was randomized across students.

All tests are conducted during the school day, either in program class time or during additional
study hall periods. Importantly, the tests are designed to give students sufficient time to complete
the full test. This goal was met with over 95% of all students reaching the final question on the test
(Table 2).16

15While this exam typically proceeds from the easiest to most difficult questions, with the exception of a short set
of easy practice questions which are not included in the analysis, the order is randomized in this case as well.

16Students were instructed to take the tests in the order provided. Test monitors report these instructions nearly
always followed. A more through discussion of test taking strategies as a potential confound, and our approach to
rule out such strategies, are discussed in Section 7.
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4.3 Secondary Outcomes

In addition to these novel measurements which allow us to examine the ability to sustain attention
in more "natural" settings, students also engaged to two more traditional laboratory measures of
the ability to sustain focus:17

(1) Symbol matching. Students were given a paper-based workbook in which they were asked
to locate and cross out specific symbols in a large matrix of randomly ordered symbols. Scores
are a positive function of the number of symbols correctly crossed out and a negative function
of the number of symbols incorrectly crossed out.

(1) Sustained Attention to Response Task (SART). Students look at a computer screen
for ten minutes, during which time various shapes (i.e. stimuli) randomly appear and then
quickly disappear from the screen. The student is tasked with simply pressing the space bar
as quickly as possible each time a particular shape (i.e. a bell) appears to show that she has
seen it (Peebles and Bothell, 2004). Overall performance is measured as a mixture of speed
and accuracy common to the literature.

Finally, students behaviors were observed in their classrooms by individuals who were blind to
treatment status. Specifically, we adapted three measures from the Vanderbilt ADHD Diagnostic
Teacher Rating Scale.

(1) Following instructions. Students were asked to complete two activities – moving supplies
from one part of the classroom to another and writing their role number on a paper and hand
it to a staff member – following a class activity.

(2) Response to auditory stimuli. Whether students are able to notice and respond to an
auditory stimuli outside the classroom.

(3) Physical symptoms of inattention. Whether the student shows physical symptoms of
inattention (e.g. fidgeting, looking out a window, pestering their seat-mate).

The intervention was conducted between September and January. Tests were administered at
four times: Baseline (September), Mid-line (December), Endline (February), and Follow-up (April).
However, certain tests were randomly sub-sampled or not administered in all rounds due to logistical
constraints on test administration. However, these logistical constraints impacted all arms of the
study equally and did not result in any imbalances in measurement of outcomes.

17These tests are explicitly designed to capture one’s ability to focus attention over time, hence we anticipate
improved performance throughout the test.
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5 Empirical Approach

5.1 Overview

The goal of our approach is to capture declines in attention over performance on a task in a
generalizble manner. Psychologists have a variety of measures of a similar element of cognition
typically referred to as "vigilance". These measures rely on attention-heavy repetitive tasks. For
example, the ability to react quickly to a visual stimulus presented on a computer screen. While we
include these standard measures in our analysis, this approach has limited ability to examine field
measures as it requires a repetitive stimulus to ensure equal difficulty across time. Hence, we develop
a new and widely-applicable approach to measure of attentional capacity. We randomize task order
and compare performance on an item earlier versus later in time, controlling for the difficulty of the
specific task (e.g. a question fixed effect on a math test). Conceptually, this approach allows us to
capture how someone does on a task when it comes sooner (when attention is not depleted) vs late
(when attention is depleted).

5.2 Estimating Equation

We estimate:

Correctijk = β0 + β1Treatedj +
10∑
k=1

δkItemLocationk +
10∑
k=1

γkTreatedj ∗ ItemLocationk

+ χi + εijk

Where Correctijk denotes whether a question item, i, for child, j, located in decile, k, was
answered correctly. β1 captures the difference in performance at the beginning of the test. We predict
β1 = 0, with the possible exception of the math test as the groups received a differential amount of
math practice. This prediction is important to ruling out potential confounds, as described further
below. δ2 - δ10 are decile bins which flexibly capture declines in control group.18 While performance
on a wide variety of tests declines across time, the exact pattern of decline in performance varies
significantly across tests. These variable patterns of decline motivate our non-parametric empirical
approach. γ6 - γ10 are the coefficients of interest, indicating whether there is differential fatigue
among treated students. We hypothesize these coefficients will be positive (they will ameliorate the
rate of decline) and report p-values for the linear combination of coefficients in the second half of
the test. χi are question fixed effects, controlling for the difficulty of the test item.

18To account for varied test lengths, we use question item as a proxy for elapsed time and normalize the length of
all tests to 100%.
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6 Results

Experimental arms were well-balanced at baseline on all testing outcomes. In addition, attrition
was low (5%) and balanced across experimental arms (Table 1).

6.1 Primary outcomes: Math, Listening, and Ravens Matrices

Initial results support of our predictions. Relative to the control group, students in each treat-
ment arm show an improved ability to maintain focus in a range of disparate activities: Mathematics,
listening tests, and Raven’s Progressive Matrices — providing evidence for the underlying general-
izability of the cognitive effects. Consistent with our proposed mechanism, treatment and control
students generally perform similarly in the beginning of each test; however, control students’ per-
formance declines over time as they become cognitively fatigued, while treatment students are able
to maintain attentional focus longer. This effect is first demonstrated on the Math test by plotting
a local polynomial by treatment. As seen in Figure 7, students in the Math Treatment arm show
similar performance to Control students in the first 40% of the exam. However, a distinct gap in
performance emerges in the remaining 60% of the exam, with Treated students experiencing slower
declines and greater overall performance. Although the Games Treatment students begin at a lower
level of performance – likely due to the Control’s additional study hall practice in math – the rate of
decline among the treated students is once again, significantly shallower. Notably, the performance
of the Games Treatment students catches up with that of the Control students, despite significantly
less overall math practice.

We see similar overall patterns in the listening test as shown in Figure 8.19 Initial performance
is, again, not statistically different across Treated and Control students, but a gap emerges fairly
rapidly. The magnitude of the gap is largest in the periods of greatest decline among the Control
students. Notably, this test is one which has fixed timing (e.g. one can not skip ahead), ruling
out any confounds due to test-taking strategies. In addition, neither of the treatments involved any
additional time listening to an instructor, suggesting that gains can not be due to additional training
on the task.

Performance on Raven’s Matrices, often taken as an IQ test, is also improved by the Games
Treatment, although not by the Math Treatment (Figure 9). Performance in this Games treatment
arm was nearly flat over the course of the exam, while control students declined by roughly three
percentage points over the 20 minute exam.

Drawing on the empirical approach described above, we also assess the magnitudes and statistical
significance of these effects. As shown in Table 3, there are no significant differences in initial levels of
performance across any of the tests. Pooled across all three exams, the effects are both meaningful in
terms of magnitude — roughly one-third of the total decline is ameliorated — and highly statistically

19Plotting the raw data, there are clear "reset" effects between passages. Hence, We examine declines within each
passage which are substantial.
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significant. Although not statistically significant, we also see suggestive evidence of effects earlier in
the test, with a coefficient magnitude roughly one-half as large as in the second half of the test.

Similarly, we see a statistically significant reduction in declines on both the math and listening
tests in the second half of the test. While the estimated coefficient on the IQ test does not reach
statistical significance when pooled due to the null effect among Math treatment students, the
estimated pooled coefficient implies a net reduction in declines of roughly 25% overall.

These effects are even more notable given the relatively limited training in this program. Students
spend fewer than 20 hours in this program, yet spend roughly 800 to 1,000 hours per year in
instruction and practice at school. While the training effects may not be linearly additive over time,
they do suggest that even small differences in the instructional quality could have a substantial
impact on the ability to sustain attention over time.

6.2 Measures of Sustained Attention from Psychology

We find similar patterns in an index of sustained attention measures traditionally used in the
psychology literature(Johnson et al., 2007; Oades, 2000). Our treatments improve an index of the
Sustained Attention to Response Task (SART) and a Symbol Matching test by 0.05 SD (p = 0.86)
(Table 4). In addition, the effects also appear to generalize to classroom behaviors. As seen in Table
5, treated students improve on an index of three measures of classroom attention by 0.12 SD, with
the effects driven by improved ability to attend to and follow instructions and improved responses
to stimuli.

6.3 Summary

The treatments produce broad and generalizable improvements in the ability to sustain focus
over time. Treated students are better able to maintain focus on tests of math, listening, and IQ.
The results are supported by improvements in both cognitive psychology tasks designed to measure
sustained focus as well as in observations of classroom behavior.

Taken together, these results suggest that basic cognitive function is malleable and that a simple
school-based intervention can improve children’s ability to sustain focus over time. These patterns
also support our view that the treatments do not teach new content within the test domains, but
rather improve students’ ability to sustain cognitive effort over time. Because question order is
randomized across students, our design enables us to attribute this pattern to a change in attention
over time (rather than other explanations such as differences in question difficulty over time).

7 Potential Confounds

The training provided to treated participants targets the ability to sustain focus rather than the
test domain itself. Hence, a core prediction of our study is that the treatments will mitigate declines
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in performance over time without systematically impacting the initial level of performance.20 Corre-
spondingly, the prediction of reduced decline in performance relative to the Control over the course
of the exam is a very specific to the mechanism of sustained attention. This feature, along with the
richness generated by the random ordering of questions, diverse tests, and multiple treatment arms
helps us distinguish our proposed mechanism from confounding explanations. Potential confounds,
and our approach to rule each out — both through design features and additional analyses — and
specifically test the proposed mechanism, are detailed below.

Improved Math Aptitude or Reduced Cost of Effort. The Math Treatment arm (Games
treatment arm) received more (less) math practice than the Control students. The differential math
practice may serve to directly alter math skills or change the cognitive costs of completing math
questions through a variety of mechanisms (e.g. solving math problems requires less effort with
additional practice). While these mechanisms may affect math performance, it is unclear why they
should affect performance on other tests, such as listening. This mechanism also fails to explain why
improvements would be observed on tests which are unrelated to the training (e.g. train in math
and improve in listening).

Confidence or Motivation. The treatments could improve confidence or motivation levels. How-
ever, such mechanisms will be level shifters throughout the exam: they should improve performance
in both the early parts of the test and the later parts of the test. In contrast, our mechanism pre-
dicts that the treatments will ameliorate declines rather than generate uniform improvements. In
addition, in order to test for motivational impacts, we incentivize a sub-set of the tests via enticing
prizes (e.g. toys, colored pencil sets, etc).21 These additional incentives do not alter the results.

Grit. Grit or other explanations related to ability to overcome challenges are another potential con-
found (Duckworth and Duckworth, 2016). We leverage the random question ordering to test for this
competing explanation. Specifically, by chance, some students received a version of the test which
began with easier questions and some received a version which began with more difficult questions.
We test if the appearance of a difficult question — either early in the test, or generically throughout
— lowers later performance. We find no such impacts across many different definitions of "difficult"
questions.

Improved Technology Skills. Because the training occurs on tablets, which are a novel technol-
ogy for some of the students, it is possible that the treatment students will simply become more

20With the exception of the math test in which the Math and Control students receive additional practice relative
to the Games students.

21We ensured that the prizes were appealing throughout the distribution of performance by offering increasing prizes
by place in the score distribution. Students could choose a specific prize among a set designated for their quartile of
performance.
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familiar with the technology. To rule out this potential confound, all of the primary outcome mea-
sures and all but one of the secondary outcome measures are paper-and-pencil-based.22

Differential Attendance. If treated students are more likely to attend (because they enjoy the
activities), this could improve academic performance. We test this hypothesis directly but find no
differences in attendance.

Test-taking Strategies. The Math treatment may help students intuit better test taking strate-
gies, such as skipping hard questions. First, this skill is not trained in the Games arm, where the
games do not permit strategies of these types. However, we address this concern by designing the
tests to ensure sufficient time and high completion rates. Over 95% of students reach the final ques-
tion on all exams (Table 2).23 In addition, a subset of our tests (e.g. listening) mechanically do not
permit students to skip around or move faster through the tests. Finally, results are qualitatively
similar if we restrict to attempted questions.

Summary. Although many potential confounds exist, many are ruled out by design features such as
paper-and-pencil tests and the breadth of the testing battery. A key prediction that differentiates the
remaining potential confounds from an attentional capacity channel is whether we observe improved
performance among treated students at the beginning of the test. However, as can be seen both in
the decline figures and the first row of Table 3, no such level differences exist, isolating an attentional
channel.

8 Conclusion and Discussion

Attention is a core cognitive resource. It is essential to learning, labor productivity, and decision-
making. While cognitive resources such as attention have traditionally been viewed as a fixed
element of human capital – "ability" – we find evidence that attentional capacity is malleable and
can be endogenously shaped by ones environment. Providing roughly 20 hours of focused practice
to low-income students in India reduced the rate of decline in performance across a wide range of
unrelated tasks – including math, listening, and Raven’s matrices. These gains were complimented
by improvements in traditional cognitive psychology measures of sustained attention as well as
changes in classroom behavior.24

22SART, which must be electronic to accurately measure reaction times, is computer-based. In addition, we specifi-
cally administered the task on a computer with a large keyboard to make it as distinct as possible from the tablet-based
interventions.

23Test monitors were also instructed to look for such "skipping" behavior, but it was only very rarely noted given
the young age of the students.

24It is important to note that one challenge in promoting improvements in attentional capacity is that it is unlikely
that a single activity can be used to train this skill across diverse populations. What holds a child’s attention in a
low-income school in India may not be what holds a child’s attention in an affluent suburb in the United States. Given
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These results suggest that schooling has the potential to increase not only knowledge, but also
enhance basic cognitive function. However, viewed from a different angle, this result also suggests
differences in the quality of schooling or reliance on pedagogy that does not promote practice of
this skill may widen long-run economic disparities. The foundational nature of this skill means
that even small differences in attentional declines may have broad and economically meaningful
consequences when aggregated. For example, we provide evidence of declines in attention in areas
as diverse as schooling, errors at work, and voting. Further, we document the novel fact that the
rate of decline in attention varies substantially with socio-economic status. Reducing these declines
by the average change among treated students in the RCT could result in broad and economically
meaningful improvements in these outcomes.

Yet, these are just a few of the many domains that would be affected. Further research to flesh
out the scope and consequences of these declines in additional domains would allow us to more
fully assess the downstream consequences of the improvements in the ability to sustain focus. For
example, are high rates of traffic accidents in developing countries also potentially influenced by
rapid attentional declines and long shifts among truck and auto drivers?

Further, these results raise the question of whether schooling has the potential to influence other
elements of cognition. Overall, our study provides an initial proof of concept that basic cognition is
malleable. Examining the extent to which our cognitive capacity is shaped by the environment is
an important direction for future research, with implications for understanding the underpinnings
of economic mobility and inequality.

this challenge, we view this intervention as a proof of concept. While there is some intuition about what activities
are likely to train this skill (e.g. active participation rather than rote memorization, dynamically adaptive tasks
rather than static ones), much more needs to be done to understand what features of an activity generate sustained
engagement over time.
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9 Figures

Motivation: Attentional declines are common and important

Figure 1: Education - Declines in performance over time on achievement tests
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Notes: TIMSS data, authors’ calculations. Question order is block randomized.

Figure 2: Worker Productivity - Declines in Data Entry Accuracy over the Day

-.0
04

-.0
03

-.0
02

-.0
01

0
Ac

cu
ra

cy
 ra

te
 (r

es
id

ua
ls

)

10 12 14 16
Hour of day

Note: Data from Kaur et al. (2015). Sample is 8,382 worker-hours of data entry (90 workers) on
paydays (when attendance is high to mitigate selection concerns). The accuracy rate is the proportion of

fields entered with no errors and data are residualized accounting for worker fixed effects.



Figure 3: Voting - Declines in Cognitive Effort in the Voting Booth

Note: Source is Augenblick and Nicholson 2015. Item order is quasi-random. Voters become more likely
to rely on defaults as an initiative is further down-ballot.
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Motivation: Correlation between SES and Attentional Decline
Figure 4: Heterogeneity in Declines by National GDP per Capita
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Notes: TIMSS data, authors’ calculations. Question order is block randomized.

Figure 5: Heterogeneity in Declines by SES within the United States
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Figure 6: Data Entry: Heterogeneity in Declines in Accuracy by Education
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Note: Data from Kaur et al. (2015). Sample is 8,382 worker-hours of data entry (90 workers) on
paydays (when attendance is high to mitigate selection concerns). The accuracy rate is the proportion of
fields entered with no errors and data are residualized accounting for worker fixed effects. High education
is defined as 1 if the worker has above high school education (corresponding to the median split of the

sample).
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Figure 7: Training slows decline on Math test
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Note: Control and Math Treatment both receive math practice but Games arm does not → expect level
difference for Games Treatment

Treated students exhibit 22% less decline in final decile.

Figure 8: Training improves Listening test performance
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Treated students exhibit 31% less decline in final decile.
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Figure 9: Training improves Ravens Matrices (IQ) performance
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Treated students exhibit 62% less decline in final decile.
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10 Tables

Table 1: Attrition

(1)
Attrition

Treatment (math) 0.000125
(0.0118)

Treatment (games) 0.00337
(0.0113)

R2 0.000
Dependent variable mean 0.0500

Number of students 1720
Number of student-years 2365

Notes: Outcome is whether we observe at
least one (non baseline) test each year.
Standard errors in parentheses.
* p<0.10, ** p<0.05, *** p<0.01.

Table 2: Test completion

Statistic Math Listening Ravens

% attempted 80 98 96
% skipped 13 1 2
% of students completing last question 71 98 89
Avg. last question % completed 95 99 97
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Table 3: Math, Listening, and Raven’s Test Declines

All tests (pooled) Math Listening Ravens

Treated -0.00270 -0.00204 -0.00540 0.00124
(0.00881) (0.0120) (0.0112) (0.0193)

Treated*Decile 2 to 5 0.00785 0.0110 0.0160 0.0117
(0.00574) (0.00972) (0.00986) (0.0184)

Treated*Decile 6 to 10 0.0207*** 0.0214** 0.0234** 0.0122
(0.00670) (0.0109) (0.01000) (0.0185)

R2 0.285 0.269 0.255 0.228
Dependent variable mean 0.503 0.585 0.208 0.207
Number of students 1650 1629 1622 1633
Number of items 330949 194384 68847 67718

Notes: Clustered standard errors in parentheses. * p<0.10, ** p<0.05, *** p<0.01.

Table 4: Psychology Literature Sustained Attention Tests

(1) (2) (3)
Index of both SART Symbol matching

Treated 0.0448* 0.0613* 0.0372
(0.0241) (0.0315) (0.0316)

R2 0.123 0.169 0.143
Dependent variable mean -7.35e-10 -7.35e-10 -7.35e-10
Number of students 1636 1380 1628
Number of items 9704 3897 5807

Notes: Outcomes are measured as (True positive z-score - False positive z-score).
Clustered standard errors in parentheses. * p<0.10, ** p<0.05, *** p<0.01.

Table 5: Observation from Standard Lecture Class (z-score)

(1) (2) (3) (4)
Index of all 3 Follow instructions Response to stimuli Physical signs

Treated 0.120** 0.0977* 0.137** -0.0267
(0.0540) (0.0579) (0.0617) (0.0345)

R2 0.081 0.153 0.071 0.136
Dependent variable mean 0.0174 1.39e-08 -2.29e-08 0.0186
Number of students 1203 1206 1205 1204

Notes: Clustered standard errors in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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