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Abstract

This paper describes a field experiment in Oklahoma City Public Schools in which students were
provided with free cellular phones and daily information about the link between human capital
and future outcomes via text message in one treatment and minutes to talk and text as an
incentive in a second treatment. Students’ reported beliefs about the relationship between
education and outcomes were influenced by the information treatment. However, there were no
measurable changes in student effort, attendance, suspensions, or state test scores, though there is
evidence that scores on college entrance exams four years later increased. The patterns in the
data appear most consistent with a model in which students have present-bias or lack knowledge
of the educational production function, though other explanations are possible.
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In an effort to increase student achievement, a wide variety of innovative reforms have
been put forth by school districts across the United States and by not-for-profits across the globe.
One particularly cost-effective strategy, not yet tested in American public schools, is providing
frequent information about the link between human capital and future outcomes.1
Theoretically, providing such information could have ambiguous effects. First, as Wilson
(1987) argues, if students lack accurate information on the returns to education, and their
expectations are lower than the true returns to human capital, then providing information could
motivate students to increase effort and spur achievement.2 Second, if students are more
optimistic than historical returns suggest they should be – as Smith and Powell (1990), Avery
and Kane (2004), and Rouse (2004) argue – providing information could lead to reduced effort
and thereby decreases in achievement. Third, providing information will likely have no effect on
effort or achievement if students do not know the education production function, heavily
discount the future, have other self-control constraints, or already hold accurate beliefs about
returns to schooling (Mickelson 1990, Fryer 2011b).
In addition, the effect of providing students with information about the link between
human capital and future outcomes could interact with the provision of incentives to increase
one’s human capital. Fryer (2011b) finds no effect of providing financial incentives alone on
average student achievement, but as Fryer, Devi, and Holden (2016) note, both providing
incentives for multiple tasks for a given agent or for multiple agents for a given task substantially
increase achievement. The incentives here could complement the provided information by
reducing the perceived cost of investing in human capital in the present. Input incentives (e.g.
rewards for reading books) rather than output incentives (e.g. rewards for increasing test scores)
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Some informational programs have been attempted in the United States to motivate students by providing accurate
information on the returns to schooling or “rebranding” achievement. Since 1972, The United Negro College Fund
has run a series of Public Service Announcements (PSAs) promoting education among low-income students with the
“A Mind is a Terrible Thing to Waste” campaign. Since 2000, with the launch of “Operation Graduation,” the U.S.
Army has sponsored Ad Council media campaigns to encourage students to stay in school. Their most recent
collaboration, “Boost Up”, follows the lead of non-profit organizations like the Gates Foundation, using interactive
web sites and online videos in addition to traditional visual and print media to engage youth and promote academic
achievement among vulnerable populations. On the other hand, the Gates Foundation’s “Get Schooled” campaign
utilizes the influence of celebrities, partnering with MTV, DefJam, and others to generate excitement around school
improvement and to implore students to stay in school to reach their potential. While government agencies and notfor-profit organizations continue to invest millions of dollars to engage youth through these informational
campaigns and others, no rigorous evaluation of their effect on student learning or other educational outcomes has
been attempted in the context of the US.
2
Neal and Johnson (1996) argue that, if anything, the returns to test scores are higher for blacks than for whites.
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may complement the provision of information particularly well if students are unaware of how to
increase their human capital.
In the 2010-2011 school year, we conducted a randomized field experiment in Oklahoma
City Public Schools (three treatment arms containing 490 students each and a control group of
437 students – a total of 1,907 students in sixth and seventh grades) that tested the effect of
providing information, incentives, and a combination of the two on various outcome measures.3
In partnership with the largest pre-paid mobile phone provider in the US and an internationally
recognized advertising firm, we launched a campaign titled “The Million,” designed to provide
accurate information to students about the importance of education for future life outcomes such
as unemployment, incarceration, and wages.4 The key vehicle of the experiment was a cellular
telephone, pictured in Appendix Figure 1.
Students in each of the three treatment groups were given cellular phones free of charge,
which came pre-loaded with 300 credits that could be used to make calls or send text messages.5
Students in our main treatment arm – (Treatment 1: Information Only) – received 300 credits per
month to use as they wanted and received one text message per day delivered at approximately
6:00 p.m.6 A second treatment arm – (Treatment 2: Information and Incentives) – provided the
same information on the link between human capital and future outcomes, and also included
non-financial incentives – credits to talk and text were earned by reading books outside of
school. A third treatment – (Treatment 3: Incentives Only) – allowed students to earn credits by
reading books and included no information. There is also a pure control group that received
neither free cellular phones, information, nor incentives.7
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Throughout the text, I depart from custom by using the terms “we,” “our,” and so on. While this is a sole-authored
work, it took a team of dedicated project and finance managers to implement the experiment. Using “I” seems
disingenuous.
4
Given the complexities involved in the field experiment, an operational pilot program was conducted in seven
public schools in New York City in the Spring of 2008.
5
One credit is equivalent to one minute of talking, one text message, or 20 seconds of time on the internet.
Anecdotally, we heard many reports that the pre-loaded credit was used within days.
6
When to send the text messages was an important experimental design question, for which theory provided little
guidance. We chose 6 p.m. because it was likely after students’ extracurricular activities, but before dinner and bed
time. We chose not to send messages in the morning because the corresponding appropriate time window was less
obvious.
7
The inclusion of the second treatment, which included both information and incentives, was to understand whether
there might be important complementarities between the two. Yet, if the interaction were positive, it would be
impossible to tell if this was due to complementarities or the inclusion of incentives. The third treatment was
designed to disentangle these effects. We opted for a “pure” control group because data from student focus groups in
Oklahoma City revealed that forty percent of middle school students in Oklahoma City already used a cellular
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A total of 183 text messages were sent over the duration of the experiment. No message
was ever repeated.8 Given the character limit of text messaging and the age group of our
subjects, we did not distinguish between evidence that was drawn from correlations and evidence
gleaned from quasi- or field experiments.
For the direct outcomes of students in the two informational treatments, we examine
students’ ability to answer specific questions about the relationship between human capital and
outcomes, such as income and incarceration, whose answers were sent to the treatment students
in text messages during the year. Treatment effects are generally positive. For example, using the
raw data, students who were randomly assigned to the information and incentives treatment were
3.47 percentage points more likely to correctly answer the question on the income differences
between college graduates and dropouts than students in the control. Similarly, they were also
16.82 percentage points more likely to know the correct answer for differences in incarceration
rates between high school graduates and dropouts than the control group average.
As a robustness test, we included a “placebo” question on the unemployment rate of
college graduates, about which students never received information. The difference in the
probability of answering this question correctly between informational treatments and the control
group was trivial and statistically insignificant. Moreover, 54 percent of control students believe
that incarceration rates for high school graduates and dropouts are “no differen[t]” or “really
close,” suggesting that students in Oklahoma Public Schools do not have accurate knowledge of
the returns to schooling.
For indirect outcomes, such as state test scores, attendance, and an index of self-reported
effort, we estimate reasonably precise zeros. ITT estimates of the effect of treatment on an index
of effort, composed from self-reported answers to our survey administered to all students in our
experimental sample, are statistically insignificant across all treatment arms. More precisely, the
treatment effect on the effort index is 0.009 (0.048) standard deviations (hereafter, !) for the
information only treatment; -0.016! (0.046) for individuals who received both information and
incentives; and -0.033! (0.046) for those who received only incentives.

phone. At roughly $400 per phone, we did not believe the marginal benefits of simply providing a phone to the
control group outweighed the marginal costs.
8
Typical messages read: “High school dropouts are 3 to 4 times more likely to go to prison than high school
graduates;” “When blacks and whites have the same education, they make the same money per hour”; and “If you
need help, it’s okay to ask your parents.”
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On administrative outcomes – measured at the end of the experimental year – math and
English Language Arts (ELA) test scores, student attendance, and behavioral incidence – there is
no evidence that any treatment had a statistically significant impact, though due to imprecise
estimates we cannot rule out small to moderate effects that might have a positive return on
investment.
Four years after the end of the experiment, we collected data on whether students in
treatment and control took the ACT college entrance exam and, for those who did, their scores.
The impact of the information only treatment on whether or not a student takes the ACT is -0.03
(0.030). All other treatments had a similar effect. None of these coefficients are statistically
different from students in the control group or each other.
There are some interesting results using the scores of the ACT tests, conditional upon
taking the exam in OKCPS. The impact of the information only treatment on a student’s
maximum ACT composite score – which is the average of the four subject test scores – is 0.13!
(0.064). Students in the incentives only treatment scored 0.10! (0.060) higher and students who
received both incentives and information scored 0.09! (0.062) higher. The latter two coefficients
are not statistically different from zero. Perhaps the most compelling part of these results is the
fact that the composite scores are driven by relatively large gains on the English portion of the
ACT. The impact of the information only treatment on English ACT scores is 0.18! (0.072). The
two other treatments yield almost identical results.
We demonstrate that our four findings – providing students with information on the
returns to schooling changes their beliefs, does not alter measureable effort, has no impact on
state test scores or attendance, but, four years after the experiment concluded, has statistically
significant impact on college entrance exams – is robust to sample attrition and bounding, as well
as to adjusting the standard errors on the treatment effects to account for the family-wise error
rate.
The paper concludes with a simple model of human capital investment. In the model,
exerting effort in school incurs costs, but yields long-term benefits that increase with the
perceived returns to education. This yields simple equilibrium conditions from which we derive
comparative statics. The magnitude of our identified treatment effects depends on two features
of the model: the responsiveness of effort to the change in beliefs, and the shape of the
production technology around the pre-treatment equilibrium. We use this setup to frame our
5

empirical results and explain why, in our experimental sample, beliefs changed, but immediate
effort and academic achievement did not, while there was evidence of improvement on long-run
academic outcomes such as college entrance exams.
We provide speculative evidence that the data is most consistent with either a model in
which students do not know the education production function, have high discount rates – as is
evidenced in adolescents (see Mischel 2014 for a nice review) – or a combination of the two. A
lack of knowledge of the particulars of the education production function is appealing because it
may also reconcile our results from those gleaned in developing countries. In stark contrast to
our results, Jensen (2010) and Nguyen (2013) report significant treatment effects on educational
attainment and achievement from implementing informational experiments in the Dominican
Republic and Madagascar, respectively. In our framework, higher costs of effort lead to higher
marginal productivity in equilibrium, following directly from the first-order conditions. If the
effort costs of investing in education are higher in less developed countries, then under certain
conditions investment will be more sensitive to changes in the perceived return to education as
compared to a developed country like the US, where most students attend school and the cost of
schooling is generally low. The key idea is that there is more “low-hanging fruit” for students in
developing countries.
Other explanations, such as complementarities in production, all seem to contradict the
data in important ways, but our ability to test them is limited. We find no evidence of
complementarities between information and teacher quality, neighborhood quality (measured by
poverty rates), or residential segregation.
Our experiment has several important caveats. First, our results are only from one
medium-sized school district in Oklahoma. Second, we did not assess individual student beliefs
on the returns to human capital, across any dimension, before the experiment commenced. Third,
our ability to pin down the precise mechanism generating the results is quite limited by data.
The next section provides a brief review of the literature on how much students know
about returns to schooling. Section III describes details of our field experiment that aimed at
providing accurate information regarding the link between education and future outcomes to
students in the informational arms of the treatment. Section IV outlines our research design and
details the data used in our analysis. The main statistical results are presented in Section V.
Section VI attempts to reconcile our results and the data gleaned from similar experiments in
6

developing countries with a range of potential theories. The final section concludes. There are
two online appendices. Online Appendix A is an implementation supplement that provides
details on the timing of our experimental roll-out and critical milestones reached. Online
Appendix B is a data appendix that provides details on how we construct our covariates, our
samples from the school district administrative files, and the survey data used in our analysis.
II. A Brief Review of Related Literature
A growing body of research examines student perceptions of the value of education in the
US and abroad (Dominitz and Manski 1996, Avery and Kane 2004, Rouse 2004, Harris 2008,
Kaufmann 2009, Attanasio and Kaufmann 2009), as well as the effects of informational
treatments on educational outcomes (Beyer et al. 2015, Jensen 2010, Nguyen 2013, Wiswall and
Zafar 2014). Below, we describe each of these literatures in turn.
Survey Data on Attitudes and Beliefs about Returns to Schooling
The anthropology and sociology literatures are divided on whether and the extent to
which minority or low-income students know the link between educational achievement and
future outcomes. Ogbu (1978) and Lieberson (1980) suggest that the historically discriminatory
job ceiling has led educated members of the black community to provide negative feedback to
their communities regarding returns to education. They hypothesize that this causes black
students and their parents to lower their expectations about the returns to educational attainment
and question its instrumental value. In contrast, using data from the 1990 National Education
Longitudinal Study (NELS), Ainsworth-Darnell and Downey (1998) question Ogbu’s (1978)
oppositional culture explanation, reporting that black students are more likely than their white
peers to report that education is important to getting a job later on.9
Economists have also documented similarities in the perceived expected costs and
benefits of education across racial and income groups. Surveying a group of low-income, mainly
9

To explain why blacks report more optimistic beliefs about returns to human capital investment than their white
counterparts, Mickelson (1990) distinguishes between “abstract” and “concrete” attitudes toward education.
“Abstract” attitudes are defined as a respondent’s expressed beliefs about the general value of education in society.
“Concrete” attitudes relate to a respondent’s expressed beliefs about the value of education and barriers to enjoying
its full value for themselves, personally. Consistent with Ainsworth-Darnell and Downey’s (1998) analysis,
Mickelson (1990) notes that in survey results, black respondents have “abstract” attitudes toward education that are
similar to that of their white peers, but relatively less-positive “concrete” attitudes, which are rooted in life
experience.
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minority youth in Boston and a group of relatively affluent, white suburban students from a
nearby suburb, Avery and Kane (2004) find striking similarities between the perceived costs and
payoffs from attending college among members of these two groups. Similarly, Rouse (2004)
finds little evidence of differential expected returns to education between racial or
socioeconomic groups, but notes that high expectations in the low-income group are not as
strongly correlated with actual college enrollment as in the higher-income group.
Field Experiments in Developing Countries
The papers most closely related to the current project are from field experiments
conducted in the Dominican Republic (Jensen 2010) and Madagascar (Nguyen 2013).10 Jensen
(2010) considers the role that the perceived returns to education play in students’ schooling
choices. Jensen (2010) demonstrates that the eighth grade boys in his sample dramatically
underestimate measured returns to education. While the mean earnings of Dominicans who
finish secondary school are 40% higher than those who do not, the typical student perceives that
his earnings will increase by only 9.2% if he completes secondary school. More importantly, a
random subset of students who received information on the real returns to education enrolled
only in an additional 0.20 – 0.35 years of high school, on average.11
Nguyen (2013) also shows that providing information about returns to education to
parents and students can have a positive impact on academic outcomes, especially when parents
underestimate the value of schooling. Teachers in 80 randomly selected treatment schools
presented parents and students with information about the distribution of jobs and the expected
earnings of 25 year-old males and females in Madagascar by educational attainment level.
Nguyen (2013) finds that providing accurate statistics on the value of additional schooling to
parents and students in Madagascar raised test scores by 0.202σ (0.106) and improved attendance
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See also Wiswall and Zafar (2014), who inform college students in the US of the true income distribution by
college major/degree status. The authors find that this influences their beliefs about future earnings and intended
major, but they do not observe whether students actually change their behavior (e.g. switching majors).
11
It is unclear whether the treatment in Jensen (2010) or the current approach is “stronger.” Treated students in
Jensen’s sample were read a single paragraph that cited the average salary earned by Dominican men with a primary
education, a high school education, and a college education. Our treatment provided daily messages over the school
year on a wider variety of returns (i.e. incarceration, unemployment, etc.) While it is possible that delivering the
message in person results in a larger change in beliefs, Karlan et al. (2010) show that text messages can lead to
measurable changes in behavior in a different setting. Similarly, York and Loeb (2014) find that using text messages
to communicate with parents of preschoolers improves their children’s early literacy development.
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by 3.5 percentage points. Test scores increased by 0.365σ (0.156) among those who
underestimated the returns to education during a baseline survey.
Our paper makes three contributions to the current literature. Perhaps most importantly,
we conduct the first field experiment aimed at exploring the role of information on student
achievement in the US – where the survey evidence is ambivalent as to whether minorities know
the true returns to human capital. Second, our text message technology potentially improves
upon the previous literature. While past efforts have relied upon pamphlets or one-time
conferences to distribute information, mobile technology allowed us to provide a multi-faceted
stream of information directly to students over the course of an entire school year.12 Third, we
inform students of a variety of outcomes that are correlated with educational attainment and
achievement – unemployment, probability of incarceration, life expectancy – rather than
concentrating solely on labor market returns. Conceptually, this may provide even more impetus
to invest in human capital.
III. Field Experiment Details
Oklahoma City Public Schools (OKCPS) is a typical medium-sized urban school district
serving 42,567 students in eighty-nine schools. Seventy-seven percent of OKCPS students are
black, Hispanic, or Native American. Roughly 85 percent of all students are eligible for free or
reduced-price lunch and twenty-eight percent of the students are English language learners.
There is a large racial achievement gap in OKCPS by 6th grade; within the twenty-two
experimental schools, black and Hispanic students’ 2009-2010 test scores are 0.404σ (0.042) and
0.317σ (0.044) behind their white peers in reading and math respectively, controlling for
socioeconomic status, free lunch eligibility, English Language Learner status, Special Education
status, and gender. This is consistent with overall national trends (Fryer 2011a, Jencks and
Phillips 1998).
A. Description of Treatment
Table 1 provides a bird’s eye view of the experiment. First, we – together with local
philanthropists, TracFone (the mobile device provider), and Droga5 (an internationally12

Karlan et al. (2010) use text message reminders to promote and incentivize monthly savings among bank
customers in Peru and Bolivia. They find that reminders coupled with incentives based upon account interest rates
increased the amount saved and the likelihood of reaching a savings goal.
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recognized advertising agency) – garnered support from the district superintendent. Following
the superintendent’s approval, we held an information session for the principals and instructional
leaders of all twenty-two schools in the district with sixth and/or seventh grade students that
were not designated “alternative education academies” to provide an overview of the proposed
experiment. All twenty-two eligible schools signed up to participate. At the end of September
2010, information packets (containing a letter about the program to families and a parent consent
form) were distributed to principals and library media specialists (LMS) from the twenty-two
elementary and middle schools. The LMS had been jointly determined to act as school-based
coordinators to help oversee implementation for a small stipend that was not tied to performance.
Sixth and seventh grade students attending the twenty-two elementary and middle
schools in OKCPS who signed up for the program were eligible to participate.13 Students
received information packets on September 28, 2010 and were required to return a signed
consent form by October 1, 2010 in order to be eligible for the lottery that determined
participation. We received 1,907 student consent forms (out of a possible 4,810) and randomized
students into one of four groups: (Treatment 1) 490 students received a cell phone (pre-loaded
with 300 minutes) with daily informational text messages and a fixed allocation (nonperformance-based) of 200 credits on a monthly schedule; (Treatment 2) 490 students received a
cell phone (pre-loaded with 300 minutes) with daily informational text messages, and were also
required to read books and complete quizzes to confirm their understanding of those books in
order to receive additional credits; (Treatment 3) 490 students received a cell phone (pre-loaded
with 300 minutes) and were required to read books and complete quizzes about those books in
order to receive additional credits on a biweekly schedule, but did not receive any informational
text messages; and (Control) 437 students did not receive a phone, informational messages, or
non-financial incentives.14 Sending one outgoing text message or talking on the phone for one
minute or a fraction of a minute deducted one credit from the student’s balance. Incoming text
messages were free of charge.

13

We chose sixth and seventh grades because they were old enough to have a cellular phone, but only 39% of
students in OKC had them. This number is almost double in urban centers such as New York City (where we
conducted the operational pilot), which makes OKC an ideal location on this dimension.
14
Students completed the reading quizzes through an online portal and schools provided students time to do this at
school (e.g. before school, after school, study hall, lunch, time in the library/computer lab, etc.). However, students
could access the website and complete the quizzes from home if they wished.
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Phones were distributed to each of the twenty-two schools on the morning of October 8,
2010. Students in treatments (2) and (3) were eligible to earn credits by reading books. Upon
finishing a book, each student took an Accelerated Reader (AR) computer-based comprehension
quiz, which provided evidence as to whether the student had read the book. Each book in the AR
is assigned a point value based on length and difficulty. Students were allowed to select and read
books of their choice and at their leisure, not as a classroom assignment. The books came from
the existing stock available at their school (in the library or in the classroom), though additional
copies of books that proved to be particularly popular were ordered during the year. This is
almost identical to the reading incentive program described in Fryer (2011b).
For those students required to read books in order to receive additional credits, the
incentive scheme was strictly linear: each point earned during each biweekly reward period
translated to ten credits which could be used to talk or text. Because credits could only be
distributed (i.e. uploaded electronically) in increments of 200, point earnings in excess of a
multiple of 20 were banked and carried over to subsequent reward periods. Once a student
reached or passed any 20-point interval, blocks of 200 credits were uploaded at the next
scheduled “payday” according to the predetermined biweekly reward schedule.
Text messages were sent to students in the appropriate treatment groups on a daily basis,
including weekends, at approximately 6:00 p.m. We worked closely with Droga5, an advertising
firm based in New York City, to determine the messaging and branding components of the
program. We met initially to discuss the types of text messages that would be written and sent to
students on a daily basis. Writing text messages throughout the year was a collaborative and
iterative process. Drawing upon advertising research suggesting that consumers respond to both
informative and persuasive messages, (Nelson 1974, Mullainathan, Schwartzstein, and Schleifer
2008, Shapiro 2006) and recognizing our comparative advantages, Droga5 created the persuasive
messages while we created the informative messages based on information from the Bureau of
Labor Statistics, the National Center for Education Statistics, the Census Bureau, and other
sources.15 Project teams met monthly to finalize upcoming text messages. Approximately 25% of
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Examples of informational texts include “Each year, H.S. dropouts make $21,023. College graduates make
$58,613. Do the math” (United States Census Bureau 2011) and “High school dropouts are more than three times as
likely to be unemployed as college graduates” (Bureau of Labor Statistics 2011). Persuasive examples include
“People don't look down on someone for being too educated” and “Graduates never regret staying in school, but
dropouts often regret leaving it.”
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the sent messages were informational and 75% were designed to be persuasive. Approved
messages were sent to TracFone for distribution to students in Treatments 1 and 2.
Implementation Monitoring
Implementation of experimental protocols was monitored along several dimensions. First,
we visited each school and project managers reviewed the basics of the program with treatment
students to reinforce their understanding of the program details. To diagnose specific
misunderstandings of the reward algorithm or distribution system, brief quizzes were
administered to check for student understanding, covering topics including the incentive
structure, reward schedule, and how to report phone problems. After the first three months of
implementation, students answered 79% of quiz questions correctly. Second, administrative
access to the AR program enabled us to follow usage of the software on a daily basis for students
in the incentive treatments and produce and deliver program-, school-, and student-level
dashboards weekly. Third, every month, project managers conducted site visits to schools.
By the end of the experiment, 77 percent of students who received a phone and were
required to earn AR points in order to receive credits had earned at least a fraction of a point.16
Twelve of the twenty-two schools had a rate of participation of at least 90 percent. The largest
and second largest schools (in terms of number of students with cell phones in incentivized
treatment groups) had participation rates of 65 percent and 75 percent, respectively. The average
number of AR points earned in the information and incentives treatment was 35.25 over the year.
For the incentives only treatment, it was 36.17. Overall, ten percent of the sample earned more
than 100 points, and the top one percent of the sample read earned more than 350 points. To get
a sense of the magnitude, this is equivalent to reading seventy Dr. Seuss level books, three books
such as “Harry Potter and the Philosopher’s Stone”, or one “Moby-Dick or The Whale.”
In total, incentive and hardware costs were $230,365 for the program with 1,470 subjects
in treatment. Administrative costs were approximately $139,000, which includes the AR
registration fees, software installation, and a district-based program manager. Total cost of
implementation was approximately $369,365 – or $251.27 per student (this does not include
potentially billable hours of the advertising firm.)

16

This figure includes the approximately 11 percent of students who exited the experiment during the year for a
variety of reasons: lost phone, moved out of district, etc.
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IV. Data, Research Design, and Econometrics
A. Data
We collected administrative data from all schools in OKCPS and survey data from
students in the experimental group in each school. We begin with an overview of the
administrative data.
Administrative Data
The administrative data includes first and last name, birth date, race, gender, free lunch
eligibility, record of behavioral incidents, daily attendance, matriculation with course grades,
special education status (SES), English language learner (ELL) status, and Oklahoma Core
Curriculum Criterion Referenced Test (CRT) assessment data for math and the English language
arts (ELA). We use administrative data from 2008-09 and 2009-10 (pre-treatment years) to
construct baseline controls, and for 2010-11 (post-treatment year) for outcome measures.
For ease of interpretation, test scores have been normalized to have a mean of zero and a
standard deviation of one within grades and subjects (across all schools) for 2010-2011 scores,
when they are used as outcomes in our analysis. We do not report testing results for the 7% of
students who take the Oklahoma Modified Alternative Assessment Program. Pooling the results
for the two tests together does not change our findings. Students took the CRT in mid-April of
2011, approximately seven months after the start of the treatment.
Individual attendance rates account for all presences and absences for each student,
regardless of which school the student had enrolled in when the absence occurred, as long as the
student was enrolled in OKCPS. The attendance rate is calculated by dividing the number of
days present by the number of days a student was enrolled in the district during the 2010-2011
school year.17 Attendance rates have also been normalized to have a mean of zero and a standard
deviation of one within grades, across all of OKCPS.

17

Oklahoma law requires that absences be recorded daily for both the morning and afternoon portions of the school
day. If a student misses more than one hour of school in the morning, he incurs a half-day’s absence. If he also
misses more than one hour of school in the afternoon, he is marked as absent for the day.
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Behavioral incidents are recorded individually by date of infraction. Our measure of
behavior is the total number of suspensions each student incurs during the year, regardless of the
length of the suspension or the nature of the infraction. Using the total number of recorded
infractions yields identical results.
We use a parsimonious set of controls to aid in precision.18 The most important controls
are reading and math achievement scores from the previous two years, as well as their squares
and cubes, which we include in all regressions. Previous years’ test scores are available for most
students who were in the district in the previous year (See Table 2 for exact percentages of
experimental group students with missing test scores from the previous year). We also include a
set of indicator variables that take a value of one if a student is missing a given test score from
the previous year and zero otherwise.
Other individual-level controls include a mutually exclusive and collectively exhaustive
set of race dummies extracted from each school’s district administrative files, indicators for free
lunch eligibility, special education status (SES), and whether a student is an English Language
Learner (ELL).19 Special education and ELL status are determined by the OKCPS Special
Services office and the OKCPS Language and Cultural Services Office, respectively.
Survey Data
To supplement each district’s administrative data, we administered a survey, posttreatment, to all students in the experimental group in each school. In total, 66 percent of student
surveys were completed and returned in experimental schools; 61 percent of control students and
68 percent of treatment students completed and returned a survey.20 We consider the possible
implications of differential attrition for our results in Section VI.
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Excluding all controls does not alter the qualitative conclusions of the paper.
A student is income-eligible for free lunch if her family income is below 130 percent of the federal poverty
guidelines, or categorically eligible if (1) the student’s household receives assistance under the Food Stamp
Program, the Food Distribution Program on Indian Reservations (FDPIR), or the Temporary Assistance for Needy
Families Program (TANF); (2) the student was enrolled in Head Start on the basis of meeting that program’s lowincome criteria; (3) the student is homeless; (4) the student is a migrant child; or (5) the student is identified by the
local educational liaison as a runaway child receiving assistance from a program under the Runaway Youth and
Home Youth Act.
20
More specifically, 70 percent of students in the information only treatment, 69 percent in the information and nonfinancial incentives treatment, and 65 percent in the non-financial incentives only treatment completed and returned
student surveys.
19
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The data from the student survey includes questions about student motivations for
entering the experiment, phone use, phone problems and troubleshooting, student perceptions of
school-wide impact, and a series of questions designed to assess various dimensions of student
effort. In addition, the survey included questions that quizzed students on specific facts about the
importance of education that were delivered via text messages to students in the informational
treatment arms during the year. We asked students “Are high school dropouts more likely to go
to prison than high school graduates?”, which referenced the text messages “male high school
dropouts go to prison four times more often than men who went to college” and “high school
dropouts are 3-4 times more likely to go to prison than high school graduates.” The survey also
asked “True or false: college graduates make 54% more money than college dropouts” – a
statistic pulled directly from an earlier text message. A third question asked, “Your income as an
adult increases by (.) for every year you spend in school,” which referred to the similarly worded
text message “Your income goes up by 10% for every year you spend in school.” The last
question asked for the unemployment rate among college graduates, a statistic that was not
referenced in any text message, and is therefore a placebo question for which we expect zero
effect.
Table 2 provides descriptive statistics of all the 6th and 7th grade students in OKCPS,
divided (not mutually exclusively) into six columns: students in eligible schools who did not
choose to participate in the experiment (column 1); students who opted into the experiment
(column 2); students randomly selected into the information only treatment (column 4); students
randomly selected into the information and incentives treatment (column 5); students randomly
selected into the incentives only treatment (column 6), and a pure control group (column 7).
Each column provides the mean and standard deviation for each variable used in our analysis
(see Online Appendix B for details on how each variable was constructed).
As students could opt in to the randomization, there are some statistically significant
differences between participants and non-participants. Participating students are 3.5 percentage
points less likely to be male and also 3.7 percentage points less likely to be white. They are also
poorer on average – 91.7% of participating students are eligible for free or reduced price lunch,
relative to 85.7% of non-participants – and roughly 10 percentage points more likely to have
non-missing baseline testing data.
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Within the experimental group, the treatment and control groups are well-balanced,
although the control group has more male students (p = 0.022). A joint significance test, testing
the equality of means across all covariates, yields a p-value of 0.387, suggesting that the
randomization is collectively balanced along the observable dimensions we can consider.
Moreover, the treatment groups are also quite balanced if one conducts pairwise balance tests,
although the joint p-value comparing control and the information only group is 0.047 (see
Appendix Table 1).
B. Research Design
There is an active debate as to which randomization procedures have the best properties
under different circumstances (e.g. Greevy, Lu, and Silber 2004, Bruhn and McKenzie 2009,
Imai, King, and Nall 2009, Imbens 2011, Kasy 2016). In samples with more than 300 units,
Bruhn and McKenzie (2009) provide evidence that there is little gain from different methods of
randomization over a pure single draw. Consistent with this, we used a pure single random draw
to sort the 1,907 students who turned in consent forms into one of the three treatments and
control.
C. Econometric Model
To estimate the causal impact of each treatment, we estimate Intent-To-Treat (ITT)
effects, i.e. differences between treatment and control group means for each treatment arm. Let
Zi be an indicator for assignment to a given treatment arm that takes a value of one if a student is
in that treatment group and a value of zero if a student is in the control group. Let Xi be a vector
of baseline covariates measured at the individual level; Xi and a school fixed effect γs comprise
our set of controls. Given our research design, results with or without controls are virtually
identical. Controls are included to aid in precision. All regressions without controls are available
from the author by request.
The ITT effect, π, is estimated from the equation below:
!"#$!%&!,! = ! + !"! + !! + !"! + !!,! .
Each ITT estimate is an average of the causal effects for students who were randomly selected
into a given arm of treatment at the beginning of the year and students who signed up for
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treatment but were not chosen. In other words, ITT provides an estimate of the impact of being
offered a chance to participate in a given arm of the experiment. All student mobility and
disruptions in phone service due to theft, loss, or malfunction is ignored.21 We only include
students who were enrolled in OKCPS as of the date of randomization, October 4, 2010. In
OKCPS, school began on August 19, 2010, and students in the incentive treatment were eligible
to earn credits starting October 11, 2010.

V. Results
In this section, we describe the main results of our experiment across three domains.
First, using survey data, we investigate the direct effect of receiving daily text messages about
the link between human capital and life outcomes on students’ knowledge of similar correlations.
We also use this data to measure the heterogeneity of treatment effects for various predetermined
subgroups. Second, we examine several short-run indirect outcomes: test scores, behavior, and
attendance – collected from the district’s administrative files – and survey measures of effort.
Third, we investigate longer-term outcomes such as whether or not students take college entrance
exams and, if so, their scores. We discuss all three in turn.
A. Direct Outcomes
Knowledge of the Link Between Human Capital and Future Outcomes
Recall, to assess whether students better understood the link between human capital and
future outcomes, we asked them questions for which students in the informational treatments had
received multiple text messages with the answers throughout the year. We also asked them a
“placebo” question designed to test whether treatment students became generally more
knowledgeable about returns to education or whether they only retained knowledge about the
specific information they were provided. The three questions students in the information
treatments were provided information about via text message were: (1) “True or false? College
21

Roughly 27% of our sample either lost their phone or experienced technical problems that prevented them from
receiving text messages for part of the year. Hence, there is some variation in the treatment dosage after random
assignment. As a separate specification, we also estimate two-stage least squares models in which we use the
treatment assignment to instrument for the percentage of the year in which a student had a working phone. We
report only ITT estimates in the text and put 2SLS results in Appendix Table 2.
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graduates make 54% more money than college dropouts”, (2) “Your income as an adult increases
by (.) for every year your spend in school”, and (3) “Are high school dropouts more likely to go
to prison than high school graduates?” The placebo question was “15.5% of high school dropouts
are unemployed. What percentage of college graduates are unemployed?”
Table 3 presents treatment effects on students’ ability to correctly identify links between
human capital and life outcomes, which are mostly positive for the informational treatment arms.
Students in the information only arm of the treatment were 5.4 (standard error = 3.2) percentage
points more likely to correctly identify the wage gap between college graduates and college
dropouts [control mean = 81.9 percent], 17.4 (4.5) percentage points more likely to correctly
identify the relationship between schooling and incarceration [control mean = 45.9 percent], and
0.5 (4.4) percentage points less likely to know about the schooling and income relationship
[control mean = 48.2]. They also got right, on average, 0.23 (0.073) more questions than students
in the control group [control mean = 1.744]. Students in the information only treatment were no
more likely to answer the placebo question correctly, suggesting that the informational
treatments did not improve students’ general understanding of the linkages between human
capital and life outcomes covered. Moreover, as mentioned previously, 54.1 percent of students
underestimated the relationship between educational attainment and incarceration, which implies
that students in OKCPS do not have accurate information about the returns to schooling.22
B. Indirect Outcomes
Survey Outcomes
We gleaned five measures of effort from our survey. Students were asked questions about
the impact of the program, such as “Since the Million program started, do you think you are
more focused on or excited about doing well in school?”23 The results on individual questions
assessing effort are reported in Appendix Table 6.

22

Jensen (2010) and Nguyen (2013) also demonstrate a low baseline level of knowledge about the returns to
schooling among students and parents. While the measures of the effect of treatment on student knowledge are not
directly comparable across studies, they seem similar enough that differences on this margin are unlikely to explain
our different findings of the effect of informational treatment on educational achievement.
23
Other questions were as follows: “How many books did you read during the school year?”, “About how much of
your math homework do you usually complete, either during school hours or outside of school?”, “About how much
of your reading homework do you usually complete, either during school hours or outside of school?”, and “Which
of these is closest to the amount of time you usually spend on homework outside of school each day (MondayThursday)? (Options: less than one hour, one-to-two hours, etc.)”
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Students in the information only treatment were 16.6 (4.4) percentage points more likely
to report feeling more focused or excited about doing well in school, while students in the
information plus incentives treatment arm were 13.2(4.3) percentage points more likely to report
feeling so compared to the control mean of 43.1 percent. Similarly, students in the incentives
only treatment were 15.8 (4.3) percentage points more likely to report feeling more focused or
excited about doing well in school.
These are the only positive impacts that the treatment had on measures of effort. All
others were statistically zero or negative. For instance, students in the information only treatment
group reported reading, on average, 0.722 fewer books than the control mean of 15.50 books.
Similarly, students in the information plus incentives and the incentives only arms of the
treatment read a statistically significant 1.555 (0.603) and 1.890 (0.622) fewer books than those
in the control group, respectively.24
We attempt to summarize the impact of our information and incentive treatments using
an index measure that combines all five individual effort measures. We standardize each
individual measure to have a mean of zero and a standard deviation of one in the control group.
We then take the (unweighted) average of each standardized z-score measure. We include all
students with at least one non-missing outcome.25 Using this approach, the impact of the
information only treatment on effort is 0.01! (0.05). These results are displayed in panel A of
Table 4. The impact of the other two treatments is nearly identical. There is no evidence that any
treatment had a measureable effect on the effort index.
Summarizing, only one of the five questions designed to measure effort – whether the
student felt more “focused” or excited about school since the experiment began – has a positive
treatment effect. It is unclear how to weigh this question relative to the others. For instance, if it
is more correlated with long term outcomes of interest than the others then one might conclude
that the experiment increased effort on dimensions that matter most. In the absence of such data
that links our questions to outcomes, we prefer a more agnostic approach that simply gives all
24

In previous work in which we provide incentives for reading books, data constraints made it impossible to
estimate the effect of treatment on the number of books read. Note that the negative effects on the number of books
read by students in the incentives groups reported in this paper could be the unintended consequence of giving
students a cell phone, rather than the effect of the incentives themselves. Another possibility is that students in the
treatment group were simply more cognizant of the number of books they read and less likely to over-report on the
survey.
25
Dobbie and Fryer (2015) use an identical approach to create indices which measure the impact of attending the
Promise Academy Charter school on a series of outcomes.
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the questions equal weight in the index. In this case, the treatment effects on effort are
particularly small and statistically indistinguishable from zero.26
Administrative Data Outcomes
Panel B of Table 4 presents ITT estimates of the effect of each treatment on state math
and ELA standardized test scores, attendance, and student suspensions. Test scores are
normalized by grade level and subject to have a mean of zero and a standard deviation (σ) of one
within the full OKCPS sample. Again, treatment effects are reported in σ units and standard
errors are presented in parentheses below each estimate. Attendance is measured as the
proportion of days present in OKCPS divided by days enrolled in the school district in 2010-11
and is then normalized to have a mean of zero and a standard deviation of one. Total suspensions
are counted and summed for each student.
Across the three treatment arms, there are no statistically significant treatment effects on
any administrative outcomes, though due to imprecise estimates we cannot rule out small to
moderate effects which might have a positive return on investment (the experiment was designed
to detect 0.15σ effects with eighty percent power). The effect on ELA achievement is 0.070σ
(0.046) for the information only treatment and 0.027σ (0.050) for the incentive only treatment.
The ITT effects on math achievement are 0.012σ (0.046) and -0.034σ (0.047) for the information
only and incentives only treatments, respectively. The ELA and math effects for students in the
information plus incentives arm of the treatment are 0.014σ (0.047) and -0.062σ (0.045)
respectively. Similar results obtain for attendance and suspensions.
To assess heterogeneity in treatment effects across subgroups of students, Appendix
Tables 7A, 7B, and 7C report treatment effects for the three treatment arms on a subset of direct
and indirect outcomes for a number of predetermined subgroups. For ease of comparison, the
first row of Appendix Tables 7A, 7B, and 7C shows the ITT estimate for the sample for whom
we observe the demographic data used to create the subgroups. These estimates are nearly
identical to the full-sample estimates in Tables 3 and 4. The final row in each panel reports a pvalue on the null hypothesis of equal treatment effects within the panel.

26

These self-reported measures of effort may have been influenced by mentions of the Million program in the
survey instrument, potentially making interpretation more difficult.
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There are few consistent patterns. Male students show a much larger increase in the
probability of answering both quiz questions correctly in the information only and information
plus incentives arms of the treatment. However, the treatment seems to reduce males’ math
scores across all treatment arms, particularly for the information plus incentives arm of the
treatment, where scores reduce by 0.178σ (0.068). Information only students who are not eligible
for special education accommodations answer 0.224 (0.075) more quiz questions correctly, while
students who are eligible for the accommodations answer 0.22 (50.5) fewer quiz questions
correctly. There is very little observable heterogeneity along measures of baseline ability for any
of the three treatment groups. Unfortunately, without a measure of students’ baseline knowledge
about the value of education, we cannot test for heterogeneous effects on this margin.
C. Robustness Checks
Sample Attrition and Bounding
If students selectively exit the sample, then the treatment effects we reported above may
be biased. A standard test for attrition bias is to check for differential response rates among
treatment and control groups. In Table 5, we regress an indicator for having non-missing data
for our main outcome measures on treatment dummies and our full set of controls. While we find
no evidence of differential attrition on test score outcomes, students in all three treatments are
more likely to provide valid survey data than the control group (to be precise, response rates for
the treatment groups are higher by 3.8 (2.4), 7.9 (2.4), and 6.9 (2.4) percentage points in
Treatments, 1, 2, and 3 respectively.)
Conceptually, the direction of the potential attrition-induced bias is unclear. If the
students in the treatment who gleaned more valuable information are more likely to respond to
our survey, then the estimates in Table 3 may be biased upward. If, on the other hand, these
students naturally would have absorbed more information – independent of treatment – then our
estimates would be too low.
In Table 6, we use calculate Lee (2009) bounds to explore the extent to which differential
survey attrition between treatment and control can account for our set of results. Given that we
have flat priors on the direction of the bias, we present both upper and lower bounds using the
methods described in Lee (2009).
The bounds in Columns (2) and (4) are generated by trimming the sample to equalize
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response rates between the treatment and control groups. To estimate a lower bound, the sample
is trimmed by dropping the fraction of treatment students who have the largest predicted
residuals from a regression of the survey outcome of interest on baseline test scores and
demographics. Samples for upper bounds are created analogously. We then re-estimate our main
ITT specification on the resulting sample.
This exercise confirms the robustness of our results. In the information only treatment,
the Lee lower bounds for one coefficient – knowing the wage gap – is no longer statistically
significant. The other positive survey estimates all maintain p-values below 0.1. Throughout,
none of the attrition-adjusted coefficients are statistically distinguishable from the main ITT
results for all direct outcomes, suggesting that differential survey attrition is not an important
factor for our results.
A final concern is that our single-comparison tests do not correct for biases introduced by
testing multiple hypotheses. The p-values on our main outcomes with positive treatment effects –
number of questions answered correctly and ACT scores – are small enough to survive even
conservative methods to adjust for multiple comparison bias (i.e. the Holm-Bonferroni method).
D. Longer-Term Outcomes
Four years after the experiment ended, we collected another set of administrative data,
including dropout rates, whether or not a student took the ACT in OKCPS, and, if so, their scores
on the test. Unfortunately, in the most recent data we were able to obtain (2014-2015 school
year), the experimental cohort just finished their tenth or eleventh grade year and measures of
dropout behavior at this stage are far less than ideal. The way that OKC Public Schools keep
data, the vast majority of kids (over 97%) are considered “still in school,” though their historical
graduation rate hovers around 72.5%.27, 28
We did, however, obtain data on whether or not students took the ACT – and for those
who did – their performance. Table 7 reports treatment effects on whether students took the
ACT, students’ scores on the first time they took the test, and the max scores they ever obtained

27

With these caveats in mind, there are no differences across any of the treatments and control in drop-out behavior.
The first number is the author’s calculation, while the second is the graduation rate for the year 2013-2014 for
Oklahoma City Public Schools (http://oklahomawatch.org/2015/07/29/graduation-rates-drop-in-all-categories/.)
28
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on the test. We report results for the total score (i.e. composite score) and for the various
subtests.
Interestingly, there are no differences across any of the treatments and control in whether
students took the ACT, but there is some evidence of treatment effects on composite ACT
scores. The impact of the information only treatment on a student’s maximum ACT composite
score – which is the average of the four subject test scores – is 0.13! (0.064). Students in the
incentives only treatment scored 0.10! (0.060) and students who received both incentives and
information scored 0.09! (0.062) higher. The latter two coefficients are not statistically different
from zero. Moreover, the coefficients are all statistically identical to each other. The impact of
the information only treatment on maximum English ACT scores attained by a student, on
average, is 0.167! (0.069). The two other treatments yield almost identical results.29

VI. Discussion and Speculation
The experimental results establish four facts. First, receiving information via text
messages causes students to update their beliefs about the returns to education, and their updated
beliefs are more “correct.” Second, students report no discernible increases in effort, according
to our index, although the survey question on effort related to the messaging program
demonstrated positive treatment effects. Third, there was no measurable increase in educational
attainment or achievement when measured at the end of the experiment. Fourth, four years after
the experiment, students in the three treatment arms were no more likely to take the college
entrance exam than the control group but scored significantly higher on their overall score and in
particular on the English portion.
To better understand what mechanisms might lead to these conclusions, we propose a
simple two-period model of human capital investment and consider the conditions that might
generate these facts. This section is, by necessity, more speculative than our previous analysis.

29

These results are robust to conservative bounding procedures presented in Appendix Table 8. Students who go on
to take the ACT also experience short-term effects similar to the rest of the sample, although students in the
information treatment arm who go on to take the ACT score higher on the OK state math test and attend more
school, and students in the incentives only treatment arm who go on to take the ACT score higher on the state
reading test in 2010-11 (Appendix Table 9).
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Consider the problem of a representative student choosing the optimal level of effort E to
invest in her studies.30 The production function for academic achievement follows the
production function A, such that A=F(E,K), where K is an n-dimensional vector of school,
neighborhood, and family “capital” levels that are fixed prior to the student’s decision. We
impose the following restrictions: (a) F() is twice continuously differentiable in all inputs, (b)
!"

!! !

production exhibits diminishing marginal returns to effort – i.e. !" > 0 and !! ! < 0 – and (c)
!! !

capital and effort are complements – i.e. !"!! > 0, where ki is the ith element of the vector K.
!

Academic achievement yields long-term benefits in the forms of higher wages, increased
employment opportunities, and other social opportunities. Let V(A,r) denote the long-run
perceived benefits of achievement, where r is a parameter that measures the student’s perceived
!"

return to achievement. We assume that !" > 0 and
increase payoffs at all levels of A:

!!
!"

!! !
!!!

< 0. We also assume that increases in r

> 0.

The student’s problem can then be summarized as:
max! !" !, ! − ! !
where C(E) is the cost of effort and β is a standard discount factor. Assume that C’(0) = 0 and
F’(0, K) > 0 to ensure an interior solution. The equilibrium level of effort is then defined by the
value E* that solves:
!
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In what follows, we use this simple model to frame a discussion of explanations for our set of
facts. In this admittedly limited framework, there are three potential mechanisms to generate a
change in beliefs without a change in achievement: discount rates, complementarities in
production, and uncertainty about the production function.

A. High Discount Rates

30

Here we do not differentiate between academic achievement and attainment. This is in part due to empirical
necessity, at this time we do not know whether the intervention encouraged students to stay in school longer. As a
theoretical matter, the intuition provided in this section still holds so long as students do not substitute academic
effort for additional years in school.
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The key challenge in interpreting our results is explaining why neither short-run
academic achievement nor effort seemingly increased despite the change in perceived returns,
while four years after the experiment there is evidence of an increase on test scores.
If the benefits of education occur primarily in the future, then excessive discounting
could explain this paradox. In other words, even if the information treatment causes students to
foresee additional rewards for investing in their education, the payoff arrives so far in the future
that it is not worth expending effort in the current period.31 In our framework, this is equivalent
to having β small enough such that

!! ∗
!"

is roughly zero. Yet, as time progresses, given students

know that academic achievement has important correlates, the incentive to exert effort increases
as they get closer to benchmarks like high school graduation or college entry.
Our data cannot reject this hypothesis. High-discount rates are consistent with student
achievement remaining flat even after an increase in r and a lack of measurable increase in
effort. Yet, recall that treatment students reported being “more focused” across all arms of the
treatment. Conversely, our effort index and other (administrative) proxies for effort – such as
attendance – show no treatment effects.32
Further complicating this theory is the idea that discount rates could also change over
time, particularly during adolescence. Steinberg et al. (2009) find that discount rates (measured
in a laboratory setting) decrease with age, with a discreet difference between teenagers aged 1213 and those aged 16-17, when they approach levels more common among adults. This is
consistent with our findings given that most students take the ACT in their junior year of high
school.

B. Lack of Knowledge of the Production Function
The standard economic model implicitly assumes that students know their production
functions – that is, the precise relationship between the vector of inputs and the corresponding
output. If students only have a vague idea of how to increase achievement, then there may be
31

A slightly different interpretation is that students lack self-control – i.e. they recognize that effort will result in
large benefits in the future, but cannot commit to studying, going to class, etc. The empirical predictions of this
model are identical to the discount-rate explanation.
32
Whether one believes that present-bias can explain our results depends on our equal weighting of the self-reported
measures of effort in surveys. Put differently, it depends on any weighting that does not put too much emphasis on
the sole effort question that exhibits positive treatment effects.
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little reason for them to increase effort in response to new information, or their effort may not
result in measureable output. In our framework, one might imagine that F represents the
students’ beliefs about the production function, though not necessarily the true relationship.
In this scenario, the treatments changed beliefs, students put in more effort, but the effort
was not effective at producing test scores given their lack of knowledge of how to translate effort
into output. This explanation may also reconcile our set of facts with those presented in Nguyen
(2013) and Jensen (2010). Less than half of the parents in Nguyen’s sample finished their
primary education, and 45% of the eighth graders in Jensen’s control group do not enroll in high
school the following year. This suggests that these populations are investing extremely little in
their education at baseline, leaving significant “low-hanging fruit” unclaimed.33 In other words,
simple changes in effort – like coming to school – can produce large gains in this context. In the
US, there is not likely such low hanging fruit, since most kids come to school and basic
management problems such as rampant teacher absenteeism are also much smaller.
This is not the first time that similar educational interventions have shown much larger
effects in the developing world than the United States. For instance, series of experiments in
India (Duflo, Hanna, and Ryan 2012, Muralidharan and Sundararaman 2011) and Kenya
(Glewwe, Ilias, and Kremer 2010) have revealed important achievement gains after the
introduction of teacher incentives. Comparable merit pay initiatives have been ineffective in the
United States (Fryer 2013, Springer et al. 2010, Fryer et al. 2012). A frequent explanation for
these differences is similar to our discussion of low-hanging fruit; in the absence of incentives,
teachers do not pursue simple measures to improve student achievement (for instance,
unannounced visits revealed 35% of the schools in Duflo, Hanna, and Ryan’s (2012) sample
from India were closed due to teacher absenteeism).
Intuitively, the mapping from effort to academic success ought to be clear at low levels of
investment. The decision to attend school or drop out, for instance, has a clear relationship to
33

Theoretically, systematic differences in discount rates between the populations could also explain why similar
treatments are more successful in developing countries. Since we do not directly observe discounting behavior in
any of these experiments, evaluating this claim is difficult. Wang, Rieger, and Hens (2011) analyze survey data from
45 countries and find that citizens of poorer countries do have higher discount rates. However, Lawrance (1991)
shows that low-income Americans in the Panel Study of Income Dynamics exhibit higher-than-average discounting
behavior, suggesting that the national average may not be a good proxy for our population. Given the paucity of
clear evidence, we can neither confirm nor rule out that discount rates explain the divergent findings.
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academic achievement. At higher levels of investment, however, the ways in which different
kinds of effort produce achievement is less clear. Once students are in school, they have to
choose not just how much to study, but which particular types of studying to invest in.
This theory is also consistent with our set of facts if one assumes that students become
more aware of the production function as they age. Moreover, this theory is in no way
inconsistent with high-discount rates. In other words, the “true” model may have both presentbias and lack of knowledge of the production function.
Lack of knowledge of the production function explains the lack of effort – that is,
students, being aware of not knowing how to produce achievement, lack incentive to exert effort
even when they are made more aware of the rewards – and why short-term outcomes such as test
scores did not increase.
The difficulty, it seems, with the lack of knowledge of production function theory is how
to explain why ACT scores increased. To do this, we need a bit more structure. If, as students
age, their knowledge of the production function increases, then this may explain the results. In
this thought experiment, our treatment provided useful knowledge that students acted upon when
the incentive to do so was large enough.34

C. Complementary Inputs
A third interpretation that may explain our findings is that the educational production
function has important complementarities that are out of the student’s control. For instance,
student effort may need to be coupled with effective teachers, an engaging curriculum, safe
neighborhoods, involved parents, or other inputs in order to yield increased achievement. In the
parlance of our model, if capital levels K are so low that there is a very small return to effort,
then students have little reason to work hard. In symbols: for small enough ki,

34
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≈ 0.

Finally, it is important to note that the longer-term effects of treatment on ACT scores is statistically identical
across treatments. To explain this, it may be the case that present-bias is important for the informational treatments
and lack of knowledge of the production function explains the incentive treatments. Or, whatever effects that our
information treatments had were similar to providing incentives. We cannot distinguish between these and other
explanations for our results.
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For intuition, consider a special case that lends itself to graphical exposition. Let the
production technology be Cobb-Douglas with a single capital input, such that F(E,K) = aEαK1-α,
and assume that the long-run benefits are linear in units of achievement: V(A) = rA. This allows
us to use units of academic achievement as the numeraire and represent benefits and achievement
on the same axis.
Figure 1 considers how achievement A responds to changes in returns r for different levels of
capital K. The gray lines show the marginal product of effort at low levels of capital, and thin
black lines depict the high-capital scenario. For each capital level, the solid curve represents the
base case, in which we normalize the return r to one. The dashed lines show marginal payoffs
after an increase in r.
The graph clarifies the two channels through which missing complements reduce treatment
effects. First, because labor and capital are complements, the marginal return to a unit of effort
is lower in equilibrium when capital levels are lower. Second, an increase in r results in a larger
increase in equilibrium effort at higher levels of marginal productivity.
There are several (admittedly weak) tests of elements of this model that are possible with our
data.35 If effective teachers or environmental factors are an important complementary input to
student incentives in producing test scores, we should notice a correlation between these inputs
and the impact of providing information on achievement.36 To test this hypothesis, we partition
our sample based on three measures of external “capital” that are plausible complements of
academic effort: (1) Teacher Quality (measured by teacher value-added (TVA) estimates
calculated for ELA or math teachers for roughly 85% of our sample), (2) Neighborhood Quality
(measured by the zip-code level poverty rates recorded in the American Community Survey),
Neighborhood Segregation (measured by zip codes’ Black Dissimilarity Indices). See Online
Appendix B for precise details on how we calculate each of these measures.

35

We are not, however, able to test potentially important (but far subtler) complementarities such as perceived
discrimination or other obstacles, as Edin and Kefalas (2011) do in the context of poor women who choose to have
children before marriage. These authors note that even when poor women delay marriage and choose to have
children out of wedlock, they continue to believe in the institution of marriage, but don’t necessarily act upon it,
sometimes fearing that marriage is unattainable to them.
36
A limitation to this analysis is that our measures of external capital investment may be correlated with students’
baseline levels of knowledge about the returns to education.
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To create subgroups, we rank all students in the experimental group and split the sample
at the median. Appendix Tables 11A, 11B, and 11C presents treatment effects for our
information treatment within each of these groups on our four main outcome measures.37
If anything, the resulting estimates demonstrate the opposite of what one might expect if
complementarities in production were a driving force. Students from more segregated
neighborhoods show larger increases in both math and reading scores. Similarly, students in the
information only treatment arm assigned to low-TVA teachers show treatment effects of 0.088σ
(0.070) in reading, relative to a -0.030σ (0.068) effect in math. The results are similar for highTVA classrooms. These differences are inconsistent with a model in which complementarities
are the driving force behind the lack of statistically significant effects on direct outcomes –
though, as we have stated throughout, we only test a small subset of the possible channels in
which complementarities might exist.

VII. Conclusion
In an effort to increase achievement and narrow achievement gaps, school districts have
become incubators of innovative reforms. One potentially cost effective and quickly scalable
strategy, not yet tested in American public schools, is to provide information to students about
the returns to human capital.
This paper reports estimates of the impact of providing this type of information from a
field experiment in Oklahoma City Public Schools during the 2010-2011 school year. Four facts
emerge: (1) students update their beliefs about the returns to education in response to the text
messages, (2) students report that they are putting more effort into their work, (3) there are no
detectable changes in short-run academic achievement, but (4) long-term academic outcomes
show improvement. How to interpret these facts in a model of human capital acquisition is less
clear. We argue that high discount rates among youth or lack of adequate knowledge of the
education production, or both, may explain our set of findings.

37

In Appendix Tables 12A, 12B, and 12C, we report covariate means and balance tests within each of these
subgroups. In the low-dissimilarity group for the information only arm of the treatment, the p-value on a joint
significance test is 0.713; the other two subgroups are all well-balanced.
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A. Overview
Schools
Treatment Group
Control Group
Outcomes of Interest

Table 1: Summary of The Million Experiment

All 22 non-alternative OKCPS schools serving grades 6 and 7 opted in to participate. All experimental schools were
provided complete Accelerated Reading software, training, and implementation materials. All treatment students
received a Samsung t401g mobile phone.

1,470 6th and 7th grade students: 31.1% black, 44.3% Hispanic, 91.7% free lunch eligible

437 6th and 7th grade students: 30.9% black, 43.5% Hispanic, 91.8% free lunch eligible
Student Knowledge of Returns to Education, Oklahoma Core Curriculum Criterion Referenced Test (CRT), Measures
of Student E↵ort and Motivation, Attendance, Suspensions

(2) Information & Incentives

Free Samsung t401g mobile phone

(3) Non-Financial Incentives Only

CRT: April 11-26, 2011

(1) Information Only

Free Samsung t401g mobile phone

Students earned 10 cell phone
minutes per Accelerated Reader point
earned, distributed in blocks of 200
minutes

Test Dates

Free Samsung t401g mobile phone

Students earned 10 cell phone
minutes per Accelerated Reader point
earned, distributed in blocks of 200
minutes

None

$230,365 worth of hardware and incentives distributed to treatment students, 34.3% consent rate. 1 dedicated project
managers.

Phone

Fixed allotment of 300 minutes per
month

Students received one informational
or persuasive message per day

Biweekly, contingent upon AR points
earned

Operations

Basic Reward Structure

Students received one informational
or persuasive message per day

Biweekly, contingent upon AR points
earned

B. Treatments

Informational Campaign

Monthly, unconditional

Reward Frequency

Notes. In panel A, each row describes an aspect of treatment indicated in the first column. In panel B, each column represents a di↵erent arm of treatment. Entries
are descriptions of the schools, students, outcomes of interest, testing dates, and basic operations of each phase of the incentive treatment. See Online Appendix A for more
details. The number of treatment and control students given are for those students who have non-missing reading or math test scores.

Student Characteristics
Male
White
Black
Hispanic
Asian
Other Race
Special Education Services
English Language Learner
Free Lunch
Economically Disadvantaged
Baseline Math
Baseline Reading
Missing: Baseline Math
Missing: Baseline Reading
p-value from joint F-test
Observations

Non
Participating
(1)
0.521
(0.500)
0.200
(0.400)
0.290
(0.454)
0.435
(0.496)
0.025
(0.155)
0.051
(0.220)
0.149
(0.356)
0.154
(0.361)
0.857
(0.351)
0.741
(0.438)
0.010
(1.022)
0.037
(1.015)
0.319
(0.466)
0.326
(0.469)
1907

Participating
(2)
0.486
(0.500)
0.163
(0.369)
0.311
(0.463)
0.443
(0.497)
0.026
(0.158)
0.058
(0.234)
0.139
(0.346)
0.159
(0.366)
0.917
(0.276)
0.915
(0.279)
0.030
(0.983)
-0.021
(1.010)
0.216
(0.411)
0.219
(0.414)
0.000

4810

Information
(4)
0.453
(0.500)
0.149
(0.374)
0.294
(0.469)
0.469
(0.495)
0.018
(0.172)
0.069
(0.220)
0.131
(0.348)
0.165
(0.360)
0.922
(0.271)
0.922
(0.280)
-0.009
(1.035)
-0.086
(1.049)
0.169
(0.418)
0.176
(0.422)
490

490

Table 2: Student Baseline Characteristics
p-value
Incentives &
(1) = (2)
Information
(3)
(5)
0.019
0.504
(0.500)
0.002
0.167
(0.374)
0.125
0.327
(0.469)
0.634
0.424
(0.495)
0.824
0.031
(0.172)
0.288
0.051
(0.220)
0.326
0.141
(0.348)
0.612
0.153
(0.360)
0.000
0.920
(0.271)
0.000
0.914
(0.280)
0.565
0.028
(1.035)
0.098
0.007
(1.049)
0.000
0.224
(0.418)
0.000
0.231
(0.422)
2903

490

Incentives
(6)
0.453
(0.498)
0.163
(0.370)
0.314
(0.465)
0.441
(0.497)
0.018
(0.134)
0.063
(0.244)
0.147
(0.354)
0.159
(0.366)
0.908
(0.289)
0.908
(0.289)
0.006
(0.993)
-0.053
(0.989)
0.237
(0.426)
0.231
(0.422)

437

Control
(7)
0.538
(0.499)
0.172
(0.377)
0.309
(0.463)
0.435
(0.496)
0.037
(0.188)
0.048
(0.214)
0.137
(0.345)
0.160
(0.367)
0.918
(0.275)
0.915
(0.279)
0.108
(0.916)
0.062
(0.905)
0.233
(0.423)
0.243
(0.429)

p-value
(4)=(5)=(6)=(7)
(8)
0.022

0.799

0.740

0.534

0.199

0.453

0.903

0.964

0.857

0.886

0.400

0.204

0.036

0.055

0.387

1907

Notes: This table reports summary statistics for the field experiment. Columns (1), (2), (4), (5), (6) and (7) represent the sample means of the variable
indicated in each row for the group indicated in each column The treatment groups are restricted to randomly selected 6th and 7th grade students in
Oklahoma City Public Schools experimental schools who opted into the randomization for the field experiment. Columns (3) and (8) report the p-value
from a test of equality across treatment indicators (or experimental group indicators) from a regression of the variable in each row on indicators for each
treatment group and the control group (or experimental group status). The joint F-tests report the p-value from a test of the null hypothesis that there are
no differences between the given groups across all reported variables in the table.

Table 3 - Mean Effect Sizes (Intent-to-Treat) on Direct Outcomes
Control
Information &
Mean
Information
Incentives
(1)
(2)
(3)

A. Treatment Questions
Knows Wage Gap btw BA and Dropouts

0.819

Knows Schooling & Income Relationship

0.482

Knows Prison Rates

0.459

Number of Questions Correct

1.774

B. Placebo Question
Knows Unemployment Rate of College Grads

0.327

Incentives
(4)

p-value
(5)
0.676

0.054⇤
(0.032)
569
-0.005
(0.044)
563
0.174⇤⇤⇤
(0.045)
561
0.228⇤⇤⇤
(0.073)
544

0.042
(0.031)
592
-0.023
(0.043)
577
0.172⇤⇤⇤
(0.043)
587
0.195⇤⇤⇤
(0.070)
563

0.014
(0.033)
589
0.030
(0.042)
581
-0.043
(0.043)
585
-0.005
(0.072)
564

0.036
(0.042)
573

-0.011
(0.041)
590

0.039
(0.043)
590

0.674
0.000
0.048

0.628

Notes: This table reports ITT estimates for the effect of being offered a chance to participate in the field experiment
on students’ ability to correctly answer questions about human capital development. Column 1 presents means for
students that were randomly assigned to the the control group. Questions are coded as a 1 if the student answered
the question correctly and a 0 otherwise. All regressions include school fixed effects and controls for student grade,
gender, race, SES, special education status, and English language learner status, as well as 2009 state test scores, 2010
state test scores, and their squares and cubes. The sample is restricted to randomly selected 6th and 7th grade students
in Oklahoma City Public Schools. Randomization was done at the student level. Treatment is defined as returning
a signed consent form to participate and being lotteried into the specified treatment group. Heteroskedasticity-robust
errors are reported in parentheses below each estimate. The number of observations in each regression is reported
directly below the standard errors. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant
at 10 percent level.

A. Survey Outcomes
Effort Index

Table 4 - Mean Effect Sizes (Intent-to-Treat) on Indirect Outcomes
Control
Information &
Mean
Information
Incentives
(1)
(2)
(3)

B. Administrative Data Outcomes
OK State Math Test Post-Treatment

Incentives
(4)

p-value
(5)

-0.009

0.009
(0.048)
582

-0.016
(0.046)
604

-0.033
(0.046)
607

0.814

0.126

0.012
(0.046)
794
0.068
(0.046)
786
0.009
(0.033)
796
0.049
(0.032)
789
0.010
(0.059)
856
0.020
(0.069)
927

-0.062
(0.045)
790
0.014
(0.047)
790
-0.044
(0.032)
790
0.008
(0.033)
790
0.020
(0.061)
863
0.019
(0.074)
927

-0.034
(0.047)
782
0.027
(0.049)
780
-0.025
(0.033)
782
0.018
(0.034)
780
0.052
(0.059)
861
0.023
(0.074)
927

0.504

OK State Reading Test Post-Treatment

0.029

OK State Math Test Post-Treatment, Nationally Normed

-0.275

OK State Reading Test Post-Treatment, Nationally Normed

-0.378

Attendance rate (std.)

0.110

Number of Suspensions

0.471

Notes: This table reports ITT estimates for the effect of being offered a chance to participate in the field experiment
on survey and administrative data outcomes. Column 1 presents means for students that were randomly assigned
to the the control group. Survey measures are coded as a 1 if the student answered a question indicating that he or
she agreed with the statement in the corresponding row and a 0 otherwise. Test score and attendance variables are
standardized to have mean zero and standard deviation one by grade in the full OKCPS 6th and 7th grade samples.
Test score variables are also reported normed to the national distribution of scores on the National Assessment of
Educational Progress (NAEP), for details see Appendix B. All regressions include school fixed effects and controls
for student grade, gender, race, SES, special education status, and English language learner status, as well as 2009
state test scores, 2010 state test scores, and their squares and cubes. The sample is restricted to randomly selected 6th
and 7th grade students in Oklahoma City Public Schools. Randomization was done at the student level. Treatment
is defined as returning a signed consent form to participate and being lotteried into the specified treatment group.
Heteroskedasticity-robust errors are reported in parentheses below each estimate. The number of observations in each
regression is reported directly below the standard errors. *** = significant at 1 percent level, ** = significant at 5
percent level, * = significant at 10 percent level.

0.688
0.505
0.635
0.871
0.999

Table 5 - Mean Effect Size on Attrition
Control
Differential Follow-up
Response
Information &
Rate
Information
Incentives
Incentives
(1)
(2)
(3)
(4)
Reading
0.931
-0.007
0.004
0.001
(0.007)
(0.004)
(0.005)
Mathematics
0.931
0.001
-0.001
-0.001
(0.005)
(0.005)
(0.005)
Survey
0.611
0.038
0.079⇤⇤⇤
0.069⇤⇤⇤
(0.024)
(0.024)
(0.024)
Number of Observations
927
927
927
Notes: This table reports differential rates of attrition for individuals in the field experiment’s experimental groups.
Column (1) reports the share of control students with non-missing values for the post-treatment outcomes indicated
in each row. Columns (2), (3) and (4) report coefficients from regressions of an indicator variable equal to one if the
outcome in the same row is non-missing on an indicator for being randomly selected into the indicated treatment group.
All regressions include the full set of covariates and fixed effects used in the preceding tables. Heteroskedasticityrobust errors are reported in parentheses below each estimate. The number of observations in each regression is
reported in the final row. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at 10
percent level.

Table 6 - Bounding
Survey
Lee Lower
ITT
Bound
(1)
(2)

A. Information Treatment versus Control
Knows Wage Gap btw BA and Dropouts

0.054⇤
(0.032)
569
Knows Schooling & Income Relationship
-0.005
(0.044)
563
Knows Prison Rates
0.174⇤⇤⇤
(0.045)
561
Number of Questions Correct
0.228⇤⇤⇤
(0.073)
544
Effort Index
0.009
(0.048)
582
B. Information & Incentives Treatment versus Control
Knows Wage Gap btw BA and Dropouts
0.042
(0.031)
592
Knows Schooling & Income Relationship
-0.023
(0.043)
577
Knows Prison Rates
0.172⇤⇤⇤
(0.043)
587
Number of Questions Correct
0.195⇤⇤⇤
(0.070)
563
Effort Index
-0.016
(0.046)
604
C. Incentives Treatment versus Control
Knows Wage Gap btw BA and Dropouts
0.014
(0.033)
589
Knows Schooling & Income Relationship
0.030
(0.042)
581
Knows Prison Rates
-0.043
(0.043)
585
Number of Questions Correct
-0.005
(0.072)
564
Effort Index
-0.033
(0.046)
607

p-value
(1)=(2)
(3)

Lee Upper
Bound
(4)

p-value
(1)=(4)
(5)

0.048
(0.032)
556
-0.035
(0.044)
550
0.158⇤⇤⇤
(0.045)
550
0.181⇤⇤
(0.072)
533
-0.026
(0.047)
568

0.891

0.092⇤⇤⇤
(0.030)
556
0.017
(0.044)
550
0.190⇤⇤⇤
(0.044)
550
0.256⇤⇤⇤
(0.072)
533
0.049
(0.048)
568

0.390

0.017
(0.031)
564
-0.079⇤
(0.043)
555
0.123⇤⇤⇤
(0.043)
560
0.115⇤
(0.069)
541
-0.099⇤⇤
(0.045)
575

0.570

-0.007
(0.033)
569
-0.023
(0.042)
560
-0.100⇤⇤
(0.043)
565
-0.080
(0.071)
546
-0.099⇤⇤
(0.045)
582

0.658

0.633
0.801
0.654
0.597

0.355
0.417
0.419
0.200

0.375
0.348
0.454
0.308

0.123⇤⇤⇤
(0.027)
564
0.015
(0.043)
555
0.227⇤⇤⇤
(0.042)
560
0.275⇤⇤⇤
(0.067)
541
0.055
(0.046)
575
0.079⇤⇤
(0.031)
569
0.069⇤
(0.042)
560
-0.014
(0.043)
565
0.059
(0.070)
546
0.020
(0.045)
582

0.724
0.795
0.785
0.561

0.047
0.533
0.359
0.410
0.270

0.157
0.506
0.637
0.522
0.407

Notes: This table reports upper and lower Lee bounds to account for survey attrition. For ease of comparison, Column
(1) reproduces the survey results from Table 3 for our direct survey outcomes of interest. Column (2) reports lower Lee
Bounds. These bounds are generated by predicting the residuals from a regression of the survey outcome of interest on
baseline test scores, demographics, and treatment-year test scores within the control group only. The treatment group
is then sorted and individuals with the largest residuals from the regressions are removed from the regression to equate
response rates between treatment and control. The resulting Lee lower bounds are from an OLS regression identical
to our main specification after trimming the sample in this way. Column (4) reports upper Lee Bounds. These bounds
are generated by the same process as lower Lee Bounds, except individuals with the smallest residuals are removed
from the regression to equate response rates between treatment and control. Columns (3) and (5) report p-values on
the null hypothesis that the treatment coefficients from the LEE bounds are equal to the treatment coefficient from
the main ITT specification for the treatment group indicated in the panel title. Heteroskedasticity-robust errors are
reported in parentheses below each estimate. The number of observations in each regression is reported directly below
the standard errors. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at 10 percent
level.

Table 7 - Mean Effect Sizes (Intent-to-Treat) on ACT Scores
Control
Information &
Mean
Information
Incentives
Incentives
(1)
(2)
(3)
(4)
First ACT Comprehensive Score -0.774
0.143⇤⇤
0.069
0.091
(0.787)
(0.063)
(0.060)
(0.058)
154
154
173
166

p-value
(5)
0.685

Max ACT Comprehensive Score

-0.711
(0.853)
154

0.132⇤⇤
(0.064)
154

0.090
(0.062)
173

0.101⇤
(0.060)
166

0.890

First ACT Math Score

-0.677
(0.743)
154

0.089
(0.060)
154

0.030
(0.055)
173

0.069
(0.053)
166

0.761

Max ACT Math Score

-0.641
(0.777)
154

0.082
(0.059)
154

0.048
(0.058)
173

0.065
(0.055)
166

0.918

First ACT English Score

-0.816
(0.819)
154

0.186⇤⇤⇤
(0.067)
154

0.100⇤
(0.060)
173

0.153⇤⇤
(0.067)
166

0.625

Max ACT English Score

-0.765
(0.873)
154

0.167⇤⇤
(0.069)
154

0.135⇤⇤
(0.063)
173

0.158⇤⇤
(0.067)
166

0.937

First ACT Reading Score

-0.709
(0.851)
154

0.168⇤⇤
(0.077)
154

0.068
(0.078)
173

0.066
(0.077)
166

0.566

Max ACT Reading Score

-0.630
(0.924)
154

0.131
(0.081)
154

0.064
(0.079)
173

0.059
(0.078)
166

0.775

First ACT Science Score

-0.655
(0.795)
154

0.117
(0.078)
154

0.060
(0.074)
173

0.043
(0.069)
166

0.767

Max ACT Science Score

-0.595
(0.865)
154

0.137⇤
(0.076)
154

0.081
(0.075)
173

0.082
(0.071)
166

0.833

Took the ACT

0.352
(0.478)
437

-0.031
(0.030)
490

0.009
(0.030)
490

-0.004
(0.030)
490

0.629

Notes: This table reports ITT estimates for the effect of being offered a chance to participate in the field experiment on
students’ ACT scores, normalized to the national distribution of high school graduates in 2015-2016. We report results
for both the first test a student took and the test where they scored their maximum comprehensive score. We report
estimates for the comprehensive score and each subscore. All regressions include school fixed effects and controls
for student grade, gender, race, SES, special education status, and English language learner status, as well as 2009
state test scores, 2010 state test scores, and their squares and cubes. The sample is restricted to randomly selected 6th
and 7th grade students in Oklahoma City Public Schools. Randomization was done at the student level. Treatment
is defined as returning a signed consent form to participate and being lotteried into the specified treatment group.
Heteroskedasticity-robust errors are reported in parentheses below each estimate. The number of observations in each
regression is reported directly below the standard errors. *** = significant at 1 percent level, ** = significant at 5
percent level, * = significant at 10 percent level.

Figure 1: Treatment Effects Under High and Low Capital Endowments

Notes: The figure depicts how achievement changes with an increase in perceived returns r in a low-capital and
high-capital scenario. The model is described in Section VI of the text and is parameterized as follows: a=1, α=0.5,
Khigh=30, Klow=1, and C(E) = 4E2.

