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This is one of the first evaluations of a “growth-mindset” intervention at scale in a developing
country. I randomly assigned 202 public secondary schools in Salta, Argentina, to a treatment group
in which Grade 12 students were asked to read about the malleability of intelligence, write a letter
to a classmate, and post their letters in their classroom, or to a control group. The intervention was
implemented as intended. Yet, I find no evidence that it affected students’ propensity to find tasks less
intimidating, school climate, school performance, achievement, or post-secondary plans. I rule out
small effects and find little evidence of heterogeneity. This study suggests that the intervention may
be more challenging to replicate and scale than anticipated.
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THERE is mounting evidence indicating that
the expectations of children and youths and their
parents about the payoff from schooling influ-
ence their educational investments. These beliefs
affect whether (and for how long) children go to
school, the type of schools that they choose (e.g.,
public or private and academic or vocational),
whether they invest in complements to schooling
(e.g., tuition), and how much effort they exert in
school (see Banerjee et al., 2013).

Experiments in developing countries have
found that low-income families often hold beliefs
that lead them to underinvest in schooling, but
that they adjust their behavior when provided
with information. Most studies have explored the
effects of information on returns to schooling
(Avitabile & de Hoyos, 2014; Berniell, 2014;
Bonilla et al., 2016; Nguyen, 2009) and school
quality (Andrabi et al., 2017; Camargo et al.,
2018; Loyalka et al., 2013).

Providing information on child ability may
have a larger effect on human capital accumula-
tion by affecting not only demand for schooling,

but potentially also student motivation and effort.
It is also more likely to impact equity by correct-
ing parental biases (e.g., about boys and girls).
The few studies that provided this type of infor-
mation have used objective measures of ability
(i.e., test scores; see Barrera-Osorio et al., 2020;
Bobba & Frisancho, 2016; Dizon-Ross, 2019).
The main advantage of this approach is that it
conveys individual-level information, making
the intensity of the treatment inversely propor-
tional to the gap between expected and actual
child ability, increasing its chances of affecting
those who need it most. Its main drawback, how-
ever, is that it does not account for the fact that
these ability measures are partly a function of
past educational investments (which may them-
selves be based on incorrect beliefs), so that the
information could reinforce the inefficient and
inequitable investments it seeks to address.

An alternative is to inform children of their
potential—rather than their current—ability. A
team of psychologists in the United States has
designed an intervention with this objective. It
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asks students to read a short passage that syn-
thesizes research showing that exposure to
stimulating environments and practice at chal-
lenging tasks can help develop one’s intelli-
gence, much like setting ambitious exercise
goals and working out at the gym can grow
one’s muscles. The reading is followed by a
brief exercise so that students can internalize
this main message. The intervention is based on
a large body of research indicating that indi-
viduals’ beliefs about whether intelligence is
fixed or malleable influence their effort, and in
turn, their performance (for reviews of this lit-
erature, see Dweck & Leggett, 1988; Dweck
etal., 2014; Dweck & Yeager, 2019). Variations
of this “growth-mindset” intervention have
improved self-beliefs (Aronson et al., 2002),
school performance (Good et al., 2003;
Paunesku et al., 2015), achievement (Blackwell
et al., 2007), health (Yeager et al., 2014), and
peer relations (Yeager et al., 2011, 2013).

This article presents one of the first studies of
this intervention at scale in a developing country.
I randomly assigned 202 public secondary
schools in the Province of Salta, Argentina, to a
“treatment” group, in which representatives from
the ministry of education visited schools, invited
Grade 12 students to read the passage described
above, write a letter to a classmate about how to
apply its lessons to their own lives, and put up
their letters next to a poster on one of the class-
room walls, or to a “control” group that did not
implement the intervention. The intervention
was conducted during a non-academic period in
which students discuss school-related matters
with their teacher, so this study assesses whether
using this time for this activity had an effect on
students’ beliefs, effort, performance in school,
and achievement. I can verify that the interven-
tion was implemented as intended in 90% of the
treatment group using either pictures taken by
implementers (83%) or confirmations from prin-
cipals (7%).

I report five sets of results. First, I find no evi-
dence that the intervention led students to find
challenging tasks less intimidating. I show that
the intervention had a precisely estimated null
effect on students’ perceptions of the difficulty of
schoolwork, their self-efficacy, and the useful-
ness of classroom tests. In fact, I find that it may
have had a negative effect on female students

(increasing their perception of schoolwork as dif-
ficult and decreasing their self-efficacy), students
from low-income families (decreasing their self-
efficacy), and those who had repeated a grade
(lowering their propensity to see classroom
assessments as useful).

Second, I find no evidence that the interven-
tion increased student effort in school-related
tasks (e.g., going to school, attending private
tuition), personal development (e.g., reading
books, learning languages, playing sports), or
existing obligations (i.e., work at or outside the
home). I can even rule out small effects in all of
these outcomes and find no heterogeneous effects.

Third, I find no evidence that the intervention
improved school climate, including relationships
between peers, bullying, or student vandalism
(i.e., stealing and damaging of school property).
In fact, some evidence suggests that it might have
had a negative effect on female students (decreas-
ing their propensity to get along with peers).

Fourth, consistent with these null results, I
find that the intervention had no impact on stu-
dents’ school performance (e.g., passing, repeti-
tion, and dropout rates), their achievement in the
national assessment of math and language, or
plans to pursue post-secondary education. I even
find some indication that it had a negative effect
on students’ aspirations in schools with higher
levels of achievement, resources, and supports
for low-performing students.

Finally, I find that the intervention is rela-
tively inexpensive at a cost of USD$2.82 per stu-
dent, but that it is considerably costlier than
suggested by prior studies in developing coun-
tries. The main reason for the discrepancy stems
from including the cost of training implementers,
which had been avoided in a prior study by
directly shipping intervention packages to
schools. Most school systems are unlikely to
deliver an intervention without training for
implementers, so my figures seem to be more
representative of the actual cost of this interven-
tion at scale.

This study makes several key contributions to
research on the growth-mindset intervention. To
put these contributions in context, I conducted a
detailed review of prior randomized evaluations
of this intervention in both developed and devel-
oping countries (see Appendix B in the online
version of the journal).



My review indicates that this is the first study
that can rule out small positive effects from the
intervention on mechanisms (e.g., student beliefs
and effort) and outcomes (e.g., achievement).
Several impact evaluations had previously found
that the intervention had null or mixed effects
(see, for example, Burnette et al., 2018; Dommett
et al., 2013; Gandhi et al., 2019; Sriram, 2014).
Yet, none of them was designed to distinguish
between precisely estimated null effects and sta-
tistically insignificant but imprecise results. This
is a major contribution of the present study
because it demonstrates that the intervention
does not always have the effects seen in efficacy
trials, even if its materials are standardized and it
can be implemented in one brief session with
relatively little adult supervision.

According to my review, this is also one of the
first evaluations of the intervention at scale. Until
recently, it had been assessed through efficacy
trials with small convenience samples. This
approach has been instrumental in ensuring the
intervention was implemented faithfully, estab-
lishing its proof of concept, and carefully mea-
suring its potential mechanisms of impact, but it
has been less helpful in understanding its effec-
tiveness at scale within the school system. In
recent years, there have been two large-scale ran-
domized evaluations of this intervention. Outes
et al. (2020) evaluated it in 800 public secondary
schools in three regions of Peru and Yeager et al.
(2019) in 65 public secondary schools across the
United States. The differences in the context,
implementation, and measurement between these
studies raise useful questions about the interven-
tion that can inform future research and policy
decisions.

Finally, my review indicates that the sampling,
randomization, and data collection strategies in
this study are uniquely positioned to assess the
effectiveness of this intervention at scale. First, its
sample included nearly all secondary public
schools of a (sub-national) school system. This
approach circumvents the problems of site selec-
tion bias present in most prior studies and allows
me to understand the effect of the intervention
where it is not necessarily welcomed. Second, its
school-level randomization avoids the spillovers
of student-level randomization and allows me to
estimate the impact of the intervention when it is
conducted by an entire school. Third, its reliance

Growth-Mindset Interventions at Scale

on administrative data collected by the school
system (mainly, through the annual census of
schools and national student assessment) has
multiple benefits: it minimizes the risk of differ-
ential attrition in data collection across experi-
mental groups, it reduces the risk of
social-desirability bias that may emerge when
implementers collect data on the measures that
their own intervention is designed to influence,
and it enables me to measure its effect on a wide
array of outcomes that it had previously been
found to affect.

The rest of this article is structured as follows.
Section “Experiment” presents the context, study
design, and intervention. Section “Data” describes
the data. Section “Empirical strategy” discusses
the empirical strategy. Section “Results” reports
the results. Section “Discussion” discusses impli-
cations for research and policy.

Experiment
Context

Schooling in Argentina is compulsory and
free from the age of 4 years until the end of sec-
ondary school. In 12 out the 24 provinces includ-
ing Salta, primary education runs from Grades 1
to 7 and secondary education from Grades 8 to
12 (Direccion Nacional de Informacion y
Evaluacion de la Calidad Educativa, 2013). The
Argentine school system serves 11.4 million stu-
dents: 1.8 million in pre-school, 4.8 million in
primary school, and 3.7 million in secondary
school (DIiEE, 2016). The school year runs from
February to December.

Argentina enroll a larger share of youths in
secondary school than most Latin American
countries; by the late 2000s, 75% of its youths had
started secondary school at the appropriate age,
compared to 59% in the average country in the
region (Bassi et al., 2013). Yet, its graduation rate
at this level lags behind those of its upper middle
income neighbors: in 2016, it stood at 63%,
compared to 65% in Brazil, 91% in Chile, and
77% in Colombia (Organisation for Economic
Co-operation and Development [OECD], 2018).
Furthermore, the relative standing of its students
in the region has deteriorated: In 2012, Argentina
was among the eight lowest performing school
systems in all three subjects of the Program for
International Student Assessment (PISA), while
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countries like Brazil, Chile, and Peru had
improved and had either caught up with it or sur-
passed it (OECD, 2013). Many of its students fail
to meet national standards. In 2017, 69% of
Grade 12 students scored in the lowest two of the
four levels of the national assessment in math
(below basic, basic, satisfactory, and advanced)
and 45% did so in reading (Secretaria de
Evaluacion Educativa, Ministerio de Educacion
y Deportes de la Nacion [SEE-MEDN], 2018a).

The Province of Salta is the eighth largest sub-
national secondary school system In Argentina:
In 2016, it served 125,207 students across 394
schools at that level (DIEE, 2016). It is also one of
the lower performing systems: in 2017, 73% of
Grade 12 students scored in the lowest two levels
of the national test in math and 45% did so in
reading (SEE-MEDN, 2018c).'

Sample

The sample for the study includes 202 public
secondary schools in urban and semi-urban areas
of the Province of Salta. I arrived at this sample
as follows. First, of the 334 secondary schools in
the province, I excluded all 94 private schools
because I was interested in the potential of the
intervention to impact public schools. Then, I
dropped all 26 schools in rural areas because they
are spread across the province, which would
have limited the capacity of the local ministry of
education to implement the interventions. (Note,
however, that while rural schools account for
7.8% of all public schools in Salta, they only
serve 1.2% of students in the province). Finally, I
excluded 12 public schools in urban and semi-
urban areas with fewer than 10 students in Grade
12 (the target grade of the intervention) to mini-
mize sampling error from small schools.

The schools in the sample are different
from out-of-sample schools, regardless of
whether I compare them to all out-of-sample
schools, public out-of-sample schools, or pub-
lic and urban or semi-urban out-of-sample
schools (see Table A.1 in Appendix A in the
online Appendix). Specifically, in-sample
schools are larger and have higher repetition
rates than all three groups of out-of-sample
schools. They also have slightly higher drop-
out rates across secondary school than the first
two groups of out-of-sample schools and
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slightly lower dropout rates in Grade 12 than
the last group.

In-sample schools had lower results on the
2016 national student assessment when com-
pared to all out-of-sample schools, but they per-
formed on par with public out-of-sample schools,
except in math (see Table A.2 in the online
Appendix). The mixed results in comparisons
with public and urban or semi-urban out-of-sam-
ple schools may be related to the small number of
schools in this group.

Randomization

I randomly assigned the 202 public secondary
schools in the sample to (a) a “treatment” group
that was offered an intervention (described in the
next section) or (b) a “control” group that was
not offered the intervention. I stratified the ran-
domization by geographic location (i.e., whether
schools were urban or semi-urban) and the school
type (i.e., whether schools were “common” or
“technical”) to increase statistical power. This
procedure resulted in 102 treatment and 100 con-
trol schools.

Control and treatment schools were compara-
ble on all indicators of school performance
tracked by the school system (see Table A.3 in
the online Appendix). I find no statistical differ-
ences on any indicators in Grade 12, the target
grade for the intervention (Panel B), but when I
consider all students enrolled in secondary edu-
cation at these schools (i.e., Grades 8 to 12),
treatment schools appear to be smaller and have
slightly lower repetition rates (Panel A). I test
whether these differences matter by accounting
for school-level averages of these indicators in
my impact estimation.

Intervention

The growth-mindset intervention adminis-
tered in Salta was a single-session adaptation of a
multi-session version evaluated in the United
States (Blackwell et al., 2007).> In September of
2017, schools assigned to the treatment group
were visited by a representative from the Ministry
of Education, Science, and Technology (MECyT)
of Salta (locally known as an Asistente Técnico
Territorial or ATT).> The ATT then visited each
Grade 12 classroom at the school and proceeded



as follows: First, he or she explained the purpose
of the activity and sought informed consent from
all students (students who chose not to partici-
pate were allowed to complete schoolwork in
silence). Then, the ATT asked all students who
agreed to participate to read a passage on how
persisting through difficult challenges can
develop the brain and write a letter to a classmate
of their choice on the three main lessons from the
reading and how they might help him or her.*
Next, the ATT put up a poster in the classroom
with all the letters around it to remind students of
the activity for the rest of the school year.’
Finally, the ATT took a picture of the poster and
letters and shared it with the MECyT to verify
that the intervention was implemented.

The intervention was scheduled to take place
during a non-academic period called tutorias,
which allows students to bring a wide array of
concerns to a designated teacher (futor). It is part
of the official curriculum of Salta and of most
provinces in Argentina (MECyT, 2012). Tutorias
cover issues such as student—teacher relations,
student body government, or bullying. This study
assesses whether using this period for this activ-
ity has a positive effect on students. Importantly,
tutores were not required to be in the classroom
during the intervention. The MECyT kindly
agreed to purposefully time the delivery of the
intervention 2 months before the national assess-
ment because prior studies had found effects of a
similar intervention, also administered in a single
session during futorias, over this time frame (see
Outes et al., 2020).

The reading consists of three parts. The first
part seeks to convey the message that, when indi-
viduals practice and learn, their brain grows in a
similar fashion to muscles after exercise. It
explains that the brain is made up of neurons, that
connections between neurons allow for problem
solving, and that when individuals learn some-
thing, these connections multiply. The second
part describes research on humans and animals
that supports the initial message. It also shows
photos of neural connectivity for animals with
and without access to stimulating environments
and for humans at birth and age of 6 years to illus-
trate the point from the prior section. The third
part contends that, if intelligence can grow
through practice at challenging tasks, it makes
little or no sense to categorize individuals using
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labels such as “dumb” or “smart.” Then, it con-
cludes by encouraging the reader to engage in
practice, even when it seems hard. The reading
had been developed for Grade 7 students in New
York City. I conducted a pilot in August 2016
with 15 out-of-sample Grade 12 students to check
that they could understand the text. I did not make
context-specific adaptations, as the developers of
the intervention have done in new settings (e.g.,
Bettinger et al., 2018), to prevent any adjustments
I introduced from dampening the effect of an oth-
erwise seemingly effective intervention.

Table 1 shows the theory of change of the
intervention, which outlines the hypothesized
causal chain linking the intervention to its
expected effect. The need that the intervention
aims to address is that many students believe that
intelligence is static, which leads them to want to
look smart and thus engage in a series of counter-
productive behaviors that ultimate confirm their
deterministic worldview (Dweck & Leggett,
1988). The prevalence of this belief and its asso-
ciation with student achievement have been doc-
umented in a variety of settings, including many
similar to the one that I study (Chaia et al., 2017;
Claro et al., 2016).

I had hypothesized that the intervention would
have five main effects. First, students would feel
less intimidated by challenging tasks. Students
could start perceiving challenging tasks as less dif-
ficult (because they anticipated the cognitive gains
to be derived from attempting them), they could
feel more capable of tackling these tasks (because
they believed that, if they persisted, they would
eventually solve them), or they could perceive the
tasks as a formative experience (as part of the
learning process).’ If students felt less intimidated
by challenges, they would exert more effort.” This
increase in effort could manifest itself in school-
work, but it could also emerge in other aspects of
students’ lives, such as their personal development
and even existing obligations. Third, the change in
mindset could lead students to improve their rela-
tionships with peers (by decreasing the threat that
they had previously felt from the success of oth-
ers).® Fourth, these changes would lead to
improved school performance and achievement,
in turn raising students’ aspirations to pursue
post-secondary education.” And ultimately, these
improvements could lead students to want to pur-
sue post-secondary education.'
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Prior theoretical and empirical work also sug-
gested that the effects of the intervention could
differ based on student- and school-level charac-
teristics. First, the effects on the outcomes above
could be larger for students who are more likely
to be the subject of stereotypes, including stu-
dents who are female, from low-income families,
and/or who struggle at school."" Second, based
on recent experiments, the effect of the interven-
tion could vary across schools.'? Yet, it is not
clear which school characteristics would predict
treatment heterogeneity. I hypothesized that the
effect of the intervention may differ by schools’
prior achievement, instructional resources, and
supports for low-performing students."?

Costs

Part of the increasing enthusiasm for growth-
mindset interventions stems from the fact that
they can be administered in one session, with
little supervision, and are relatively inexpensive.
This is certainly the case in developed countries
like the United States, where it can be delivered
online (see, for example, Gandhi et al., 2019;
Paunesku et al., 2015; Yeager et al., 2016, 2019).
The potential for deploying these interventions at
a low cost is arguably even larger in higher edu-
cation, where students already regularly interact
with instructors online (Oreopoulos et al., 2017,
2018; Oreopoulos & Petronijevic, 2018).

Yet, there is little information about the costs
of this intervention in developing countries,
where schools lack computers and Internet and
the intervention must be conducted on paper. In
Peru, where the ministry of education simply
shipped the intervention packets to schools,
Outes et al. (2020) estimated intervention costs
to be only USD$0.20 per student. However, this
setup is unlikely to lead schools to implement the
intervention in other settings, where teachers are
less willing or able to follow instructions without
any training or support.

I calculated the costs of administering the
intervention by training ministry staff, a model
that is more likely to be accepted by education
authorities and teachers in developing coun-
tries. Specifically, I did so using the ingredi-
ents method explained in detail in Dhaliwal
et al. (2012). According to those calculations,
the total cost of the intervention in Salta was
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USD$15,632. These include implementation
and materials costs (1 hour of salary for the
ministry staff in charge of delivering the inter-
vention per classroom and printing costs for
the instructions for implementers, instructions
for students, and posters for classrooms),
which accounted for 72% of the total, and
training costs (two hours of salary for the min-
istry staff who participated in the training ses-
sion), which accounted for 28% of the total.
Considering that it reached an estimated 5,535
students, it cost about USD$2.82 per student,
and the marginal cost of adding a classroom of
25 students to the intervention was USD$135.
Therefore, the intervention is inexpensive
compared to other education interventions
(see, for example, Education Endowment
Foundation, 2018), but its cost is higher than
previously suggested.

Data

As Table 2 shows, I collected data on (a)
implementation fidelity (in 2017); (b) students’
beliefs, effort, school climate, and plans after
secondary school, from surveys in the national
assessment (in 2017); (c) schools’ resources
and supports, from principal surveys in the
national assessment (in 2016); (d) students’
performance in school, from the census of
schools (in 2016 and 2017); and (e) students’
achievement from the national assessment (in
2016 and 2017).

Implementation Fidelity

The MECyT of Salta provided me with the
pictures submitted by each ATT at each school as
proof for implementing the intervention and with
the actual pictures.' I use these data to confirm
that the intervention was implemented as intended
in the vast majority of treatment schools and to
estimate the effect of receiving the intervention.
To my knowledge, this is the first study of a
growth-mindset intervention at scale that can ver-
ify its implementation. '’

Students’ Beliefs, Effort, School Climate, and
Plans for the Future

The MECyT also provided me with the
responses of all Grade 12 students in Salta to a
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survey administered as part of the national assess-
ment, roughly 2 months after the intervention.
There are three aspects of this survey worth high-
lighting. First, it includes multiple questions on
behaviors that ought to be affected by the inter-
vention, allowing me to examine each step of its
hypothesized causal chain, instead of relying on
proxies.'® Second, the survey was conducted inde-
pendently from the intervention, which minimizes
both the possibility of non-random attrition due to
the intervention and of social-desirability bias.
Third, the survey is census-based, which means
that it seeks to cover all Grade 12 students."”

Schools’ Resources and Supports

The MECyT also shared the responses of all
secondary school principals in Salta to a survey
administered at the same time as the national
assessment.'® I use responses to questions on
school resources (which enquire about basic con-
ditions, such as whether the school has electric-
ity, and about educational resources, such as
whether the school has a library) and school sup-
ports for low-performing students (e.g., whether
the school develops a personalized plan for stu-
dents who lag behind) from the 2016 survey to
construct two indexes that I interact with the
treatment indicator variable to explore heteroge-
neous effects by school characteristics.

Students’ Performance in School

The MECyT also granted me access to all data
collected on internal efficiency (e.g., passing,
repetition, and dropout rates) through the annual
census of schools in Argentina. Importantly,
these data are available for the year prior to the
intervention, which I use to compare in- and out-
of-sample schools and to check balance across
experimental groups (sections “Randomization”
and “Intervention”), and for the year of the inter-
vention, which I use to estimate impact. The data
are reported for secondary schools and for Grade
12 students, allowing me to test for impacts at
both levels.

Student Achievement

Finally, the MECyT provided the scores of all
Grade 12 students to the national assessment.

This assessment evaluates what students know
and can do based on the national curriculum. It
is administered on an annual basis, but it covers
different grades and subjects on each year. In the
year prior to the intervention, the Grade 12 test
covered math, reading, and natural and social
sciences, which I use to compare in- and out-of-
sample schools and to check balance (sections
“Randomization” and “Intervention”). In the
year of the intervention, it only focused on math
and reading, which I use to estimate impact. The
national ministry of education scaled all scores
using a two-parameter logistic Item Response
Theory (IRT) model (Yen & Fitzpatrick, 2006),
which means that all effects in this article are
with respect to the overall national distribution.
This feature sets this study apart from most
prior evaluations of growth-mindset interven-
tions, which use assessments designed by
researchers and administered over a conve-
nience sample.

I estimate the effect of the offer of the inter-
vention (i.e., the intent-to-treat [ITT] effect) by
fitting the following model:

Vo=, + v HBT +e,
where Y is an outcome for student i in school s
and year ?, r(s) is the randomization stratum of
school s and a_, is a stratum fixed effect, ¥ is
the school-level average of the same outcome for
year £—1, and T is an indicator variable for ran-
dom assignment to treatment. (The census of
schools and national assessment are repeated
cross-sections of Grade 12 students, so I do not
observe each student’s prior-year outcome). The
parameter of interest is B, which captures the
causal effect of the intervention. I use cluster-
robust standard errors to account for within-
school correlations across students in outcomes
and include false discovery rate g-values to
account for multiple hypothesis testing, using the
Simes procedure in the qqvalue program in Stata
(Newson, 2009). I also test the sensitivity of my
estimates to the inclusion of Z”‘. I fit variations
of this model that interact the treatment dummy
with student characteristics (indicator variables
for female students, students from low-income
families, and students who had previously
repeated a grade) and school characteristics
(indexes of prior-year achievement, resources,



TABLE 2

Timeline of the Study

(3) )
(1) 2) School participation rates
Month Event Control schools Treatment schools

Panel A. 2016

February School year starts

November National assessment of Grade 12 students 96% 93%
(tests of math, reading, natural and social
sciences, and principal survey)

December School year ends

Panel B. 2017

February School year starts

April MECyT shares data from national census of 100% 100%
schools (2016 school year)

August MECyT holds training for ATTs — 100%

September ATTs deliver the intervention — 100%

November National assessment of Grade 12 students 99% 95%
(tests of math and reading and student survey)

December School year ends

Panel C. 2018

February School year starts

April MECyT shares data from national census of 100% 100%
schools (2017 school year)

December School year ends

Note. The table shows the timeline for the interventions and rounds of data collection for the study, including the month in which
each event occurred (Column 1), a brief description of the event (Column 2), and the percentage of schools that participated in
each event by experimental group (Columns 3 and 4). MECyT refers to the Ministry of Education, Science, and Technology of
Salta. ATTs refer to the Asistentes Técnicos Territoriales (ATTs); the MECyT staffers who delivered the intervention.

and supports) to estimate the heterogeneous
effects of the intervention on these subgroups.'

Results
Implementation Fidelity

The intervention was implemented as intended
in the vast majority of treatment schools. In 85 of
the 102 schools in this group (83%), the MECyT
received pictures from the AT Ts verifying that at
least one Grade 12 section had read the passage,
wrote letters, and put them up next to the poster
in their classroom. Furthermore, the MECyT
received more pictures from schools with more
students: The median treatment school had one
picture for every 26 students, which is close to

the average class size for Grade 12. In seven
treatment schools, the ATTs did not send a pic-
ture, but a representative of the MECyT called
the school and confirmed that the intervention
was implemented with the principal. Therefore,
the MECyT has verification that the intervention
was implemented in 89 treatment schools (90.2%
of schools in this group).

The intervention was not implemented in 10
of the 102 schools assigned to receive it (9.8%).
In three cases, the principals refused to imple-
ment it; in four cases, the ATTs could not find a
time that was convenient for them and for the
school; and in three cases, the schools were
located in areas that were difficult to access and
the ATTs could not visit them in time.



Ganimian

ATTs did not track the number of students who
did not grant consent for the study, so I do not
know the actual share of students in each class-
room who participated in the intervention.
However, I estimate this share using two different
strategies to offer a range of plausible values for
students’ participation rate in the intervention.

First, I estimate this share by (a) identifying
the maximum number of eligible students at each
school from the enrollment figures for Grade 12,
the target grade for the intervention (using the
school performance data described in section
“Students’ performance in school”); (b) adjusting
this number based on the average number of
absences self-reported by Grade 12 students
(using the student achievement data described in
section “Student achievement)*’; and (c) divid-
ing the result by the number of student letters
from the implementation pictures in each school
(using the implementation fidelity data described
in section “Implementation fidelity”).?" This
approach indicates that 58% of students com-
pleted the activity. This estimate, however, is
extremely conservative because it does not con-
sider that students tend to under-report absences,
that some students in the enrollment registers
may have already dropped out when the inter-
vention was implemented (2 months before the
end of the school year), and that school princi-
pals in Argentina face incentives to over-report
student enrollment to keep the number of sec-
tions (and thus, the number of teachers they are
allowed to hire) constant.

Then, I estimate this share by (a) identifying
the likely number of eligible students based on
the actual students who took the national assess-
ment in Grade 12 (using the data from section
“Student achievement”), which was adminis-
tered 2 months after the intervention and thus
offers a more realistic proxy for the actual num-
ber of students at the time of the study,” and (b)
dividing the likely number of eligible students by
the number of student letters, as above. This
approach indicates that 65% of students com-
pleted the activity. This estimate, however, is
probably still conservative given that AT Ts were
not instructed to include all letters from students
in their implementation—verification pictures,
and accordingly, many of these pictures display
the edges of other letters, indicating that some
letters were out of the picture frame.
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Importantly, both of my estimates of student
participation rates are above the 56% response
rate in the largest evaluation of a growth-mindset
intervention in the United States (see Gopalan &
Tipton, 2018). Scaling up my ITT results by my
estimates of the student participation rates would
make it harder for me to rule out policy-relevant
positive effect sizes. Yet, given that only 22 of the
102 treatment schools had pictures that were of
high enough resolution to allow me to count the
number of student letters, and that even among
those schools, pictures did not include all the let-
ters completed in a classroom, it is not possible to
know whether such an adjustment would be pre-
ferred or even warranted.

Students’ Beliefs

In spite of having been implemented with
fidelity, the intervention had no effect on stu-
dents’ propensity to find challenging tasks less
intimidating. I address this question in three
ways, based on my theory of change of the inter-
vention (see discussion in section “Intervention”).

First, I explore whether treatment students per-
ceived school-related tasks as less challenging. I
identified several questions in the survey admin-
istered as part of the national assessment that
asked students about the extent to which they
found a set of school-related tasks difficult (e.g.,
paying attention in class) using a scale that ranged
from 1 (“very simple”) to 4 (“very difficult”). 1
coded responses dichotomously, using a 1 for
“very difficult” or “difficult” and 0 otherwise and
analyzed whether treatment students were less
likely to find these tasks challenging. The inter-
vention had a precisely estimated zero effect on
all outcomes, ruling out even small effects of 4
percentage points (pp.) or more (Table 3).

Then, I examine whether the intervention
improved students’ beliefs about their self-effi-
cacy. I identified questions in the survey that
asked students to indicate whether they under-
stand and do well in math and language using a
scale that ranged from 1 (“always”) to 4 (“never”).
I coded responses dichotomously, using a 1 for
“always” or “most of the time” and 0 otherwise.
The intervention had a null effect on all outcomes,
ruling out effects larger than 5 pp. (Table 4).

Finally, I consider whether treatment students
were more likely to see tests as formative. I used



TABLE 3

ITT Effect on Students’ Perceptions of Difficulty of Schoolwork (2017)

(O] 2 3 (6] ©) ) ®)
Understanding ~ Writing  Speaking Learning new Paying attention Working Participating  Solving
texts texts in public concepts in class in groups in class problems
Treatment 0.0049 —0.0056  0.0117 0.0003 0.0089 0.0089 0.0027 —0.0057
(0.0112) (0.0122)  (0.0153) (0.0127) (0.0110) (0.0102) (0.0136) (0.0141)
Observations 9,372 9,372 9,372 9,372 9,372 9,372 9,372 9,372
R 0.002 0.001 0.001 0.002 0.005 0.001 0.006 0.003
Control mean 0.200 0.254 0.398 0.307 0.196 0.193 0.309 0.438
FDR g-value 0.916 0.916 0.916 0.984 0.916 0.916 0.962 0.916

Note. This table shows the intent-to-treat (ITT) effect of the intervention on students” perceived difficulty of tasks related to schoolwork. Students
were asked to indicate how difficult they found the activities listed above using a scale ranging from 1 (“very simple”) to 4 (“very difficult”). The
dependent variables in this table are dummies that equal one for students who indicated the task was difficult or very difficult and zero otherwise.
All estimations include randomization strata fixed effects. FDR = False Discovery Rate.

TABLE 4

ITT Effect on Students’ Self-Efficacy, by Subject (2017)

Math Language
(€] 2 3) “
I understand it quickly I do well in it I understand it quickly I do well in it

Treatment 0.00004 0.01094 —0.01531 —0.00638

(0.01630) (0.01581) (0.01928) (0.01869)
Observations 9,372 9,372 9,372 9,372
R’ 0.001 0.002 0.003 0.004
Control mean 0.348 0.424 0.563 0.581
FDR g-value 0.998 0.978 0.978 0.978

Note. This table shows the intent-to-treat (ITT) effect of the intervention on students’ perceived performance on math and
language. Students were asked to indicate how often they agreed with the statements listed above using a scale ranging from
1 (“always”) to 4 (“never”). The dependent variables in this table are dummies that equal one for students who indicated they
agreed always or most of the times and zero otherwise. All estimations include randomization strata fixed effects. FDR = False

Discovery Rate.

questions that explicitly asked students about the
extent to which assessments served formative
purposes, which employed the same scale as
above. Once again, the intervention had a pre-
cisely estimated null effect on all outcomes, rul-
ing out effects larger than 3 pp. (Table 5).

These null effects, however, mask heteroge-
neous effects for groups of disadvantaged stu-
dents. I find some evidence that the intervention
may have negatively impacted the beliefs of
female students, students from low-income fami-
lies, and those who had previously repeated a
grade. I created indexes of students’ perceptions

of the difficulty of schoolwork, self-efficacy, and
perceptions of the usefulness of classroom
assessments by conducting principal component
analyses of variables in Tables 3 through 5 and
taking the first principal component of each anal-
ysis. Then, I estimated the effect of the interven-
tion on the indexes (not on the individual
variables) for each group to reduce the probabil-
ity of false positives due to multiple hypothesis
testing. The intervention seems to have increased
the perceived difficulty of schoolwork among
girls, decreased the self-efficacy of girls and stu-
dents from low-income families, and decreased
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TABLE 5

ITT Effect on Students’ Perceptions of Classroom Assessments (2017)

(M @ 3)
Tests help Tests help me Tests check if I understood
me improve identify errors what I was taught
Treatment —0.0041 —0.0011 0.0029
(0.0107) (0.0079) (0.0130)
Observations 9,112 9,372 9,372
R 0.008 0.000 0.001
Control mean 0.875 0.150 0.507
FDR g-value 0.894 0.894 0.894

Note. This table shows the intent-to-treat (ITT) effect of the intervention on students’ perceived usefulness of classroom assess-
ments. Students were asked to indicate how often they agreed with the statements listed above using a scale ranging from 1
(“always”) to 4 (“never”). The dependent variables in this table are dummies that equal one for students who indicated they
agreed always or most of the times and zero otherwise. All estimations include randomization strata fixed effects. FDR = False

Discovery Rate.

the perceived usefulness of assessments among
students who had repeated a grade (see Table A.5
in the online Appendix). Surprisingly, even when
the coefficient on the interaction term is not sta-
tistically significant, its sign is typically the
opposite of what I predicted in the theory of
change of the intervention.

I do not find any evidence of heterogeneous
effects on students’ beliefs by school character-
istics. I interact the treatment dummy with each
school’s prior-year average score on the national
assessment (across all subjects), an index of
school resources, and an index of school sup-
ports (see section “Empirical Strategy”) and find
no statistically significant interaction effects
along these dimensions. Yet, most interactions
are imprecisely estimated, so it is possible that
they exist but I lack sufficient statistical power
to detect them (see Table A.6 in the online
Appendix).

Student Effort

I also estimate the impact of the intervention
on three sets of indicators of student effort. I
begin by focusing on school-related tasks, the
domain in which I most expected to see
changes. I examine whether treatment students
were more likely to attend school or private
tuition.?* The survey in the national assessment
asks how often students missed school during
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the year using a scale from 1 (“never”) to 4
(“more than 24 times”). I coded responses that
constituted “chronic absenteeism” (15 absences
or more, see Gottfried, 2014) as 1 and 0 other-
wise. The question on tuition was a yes/no
question, so I coded answers dichotomously.
Surprisingly, treatment students were 3.7 pp.
more likely than their control peers to miss
school (Table 6). However, this difference is
only marginally statistically significant, and as
the g-value indicates, likely to have emerged
due to multiple hypothesis testing. I find no
effect on the intervention on students’ propen-
sity to attend tuition.

I also examine whether treatment students
worked harder on their personal development
(e.g., read books outside of school, take art les-
sons, learn a foreign language, or play sports).
All of these were yes/no questions, so I coded
them dichotomously. Again, I find a precisely
estimated zero effect on all outcomes, allowing
me to rule out effects larger than 4 pp.

Finally, I consider whether the intervention
increased student effort on existing obligations
(e.g., work at or outside of home). Both were yes/
no questions and were coded dichotomously.
Once again, | find precisely estimated null effects
on all outcomes.

I find no evidence of heterogeneous effects
on any group of variables measuring student
effort. I created indexes of student effort on



TABLE 6
ITT Effect on Student Effort (2017)

School-related tasks

Personal development

Existing obligations

(6] 2 A3) “ ®) (6) (7 ®
Chronically Attends Reads books Takes  Learnsa Works
absent to private outside of art foreign Plays Works at  outside
school tuition school lessons  language  sports home of home
Treatment 0.0374* —-0.0070 0.0065 —0.0046  0.0090  0.0084 —0.0080 0.0084
(0.0206)  (0.0229) (0.0137) (0.0110)  (0.0091) (0.0136)  (0.0172)  (0.0149)
Observations 9,372 9,002 8,236 8,243 8,156 8,558 8,969 8,946
R 0.017 0.013 0.005 0.003 0.003 0.009 0.023 0.002
Control mean 0.288 0.233 0.343 0.166 0.083 0.617 0.459 0.264
FDR g-value 0.572 0.761 0.761 0.761 0.761 0.761 0.761 0.761

Note. This table shows the intent-to-treat (ITT) effect of the intervention on student effort. Students were asked to indicate how
many schooldays they had missed during the year using a scale ranging from 1 (“never”) to 4 (“more than 24 days”). The depen-
dent variable on absenteeism is a dummy that equal one for students who reported to have missed 15 or more days and zero oth-
erwise. All questions on personal development and existing obligations were yes/no questions and were coded dichotomously.
All estimations include randomization strata fixed effects. FDR = False Discovery Rate.

school-related tasks, personal development,
and existing obligations using the first princi-
pal component from separate principal com-
ponent analyses. Then, I estimated the effect
of the intervention on these indexes for the
same groups as above. The coefficients on the
interactions are around zero and statistically
insignificant (see Table A.7 in the online
Appendix). I find no evidence of heterogene-
ity by school characteristics; in fact, most
interaction effects are estimated around zero,
allowing me to rule out small-to-moderate
effects (see Table A.8 in the online Appendix).

School Climate

Next, I estimate the effect of the intervention
on three measures of school climate. I first focus
on a question that asked students whether they
get along with their peers using a scale from 1
(“no, I do not get along with anyone”) to 5 (“yes,
I get along with everyone”). I coded responses as
1 if students indicated that they got along with
some, most, or all their peers and 0 if they
reported that they did not get along with anyone
or with only a few peers. The intervention
reduced students’ propensity to get along with
peers by 1.5 pp., but as the g-value indicates, this

effect is likely to have emerged due to multiple
hypothesis testing (Table 7).

I also estimate the effect of the intervention on
the student-reported prevalence of bullying. The
survey in the national assessment asks students
how often peers at their school engage in bullying
on a number of groups using a scale that ranges
from 1 (“always”) to 4 (“never”). I coded responses
as | if students indicated bullying occurred “often”
or “always” and 0 otherwise. Consistent with the
results above, I find that the intervention increased
the prevalence of bullying against female students
by 1.5 pp. and had no effects on other types of bul-
lying. Again, however, this effect seems to have
emerged due to multiple hypothesis testing.

Finally, I consider whether the intervention
had any effect on student-reported vandalism,
which was measured using the same scale and
which I coded in the same manner as above. I did
not find that the intervention affected the inci-
dence of theft or damages to school property.

I find little evidence of heterogeneous effects
on any of the variables measuring school cli-
mate. | used the first indicator variable in Table
7 by itself and created indexes of bullying and
vandalism using the first principal component
from separate principal component analyses. I
estimated the effect of the intervention on these
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TABLE 7
ITT Effect on School Climate (2017)

Bullying Vandalism
Q) (@) 3 “ () 6) (N
Bullyingon  Bullying on Bullying on students Bullying Damaging
Gets along  students with ~ students who  because of their personal  on female school
with peers  good grades  repeat grades  or family characteristic students  Stealing  property
Treatment —0.0149** 0.0074 —0.0016 0.0126 0.0153**  0.0164 0.0106
(0.0072) (0.0133) (0.0119) (0.0146) (0.0074)  (0.0167)  (0.0182)
Observations 9,150 9,372 9,372 9,372 9,372 9,372 9,372
R 0.002 0.001 0.002 0.004 0.002 0.006 0.011
Control mean 0.904 0.192 0.197 0.252 0.079 0.160 0.314
FDR g-value 0.141 0.672 0.894 0.672 0.141 0.672 0.672

Note. This table shows the intent-to-treat (ITT) effect of the intervention on students’ perceived school climate. Students were asked to indicate
how frequently other students at their school engaged in the activities listed above using a scale ranging from 1 (“always”) to 4 (“never”). The
dependent variables in this table are dummies that equal one for students who indicated that the activities occurred always or many times and zero
otherwise. All estimations include randomization strata fixed effects. FDR = False Discovery Rate.

variables for the same groups as above. The
intervention had a negative, but marginally sta-
tistically significant, effect on the propensity of
female students to get along with peers, but all
other interaction terms were consistently esti-
mated around zero and statistically insignificant
(see Table A.9 in the online Appendix). I do not
find any evidence of heterogeneous effects on
school climate by school characteristics (see
Table A.10 in the online Appendix).

Students’ Performance in School

I also estimate the effect of the intervention
on students’ performance in school, as mea-
sured by the number of enrolled students, and
the percentage of students who passed, failed,
or repeated the grade, or who dropped out of
school. I do not find evidence that the interven-
tion had a positive effect on these outcomes,
but my estimates are more imprecise than those
for other outcomes because these data are col-
lected at the school level. (This is also why I
cannot estimate heterogeneous effects on these
outcomes by students’ characteristics). The
results are similar when I account for schools’
performance in the year before the intervention
(Table 8).

14

Student Achievement

Then, I estimate the effect of the interven-
tion on student achievement, as measured by
the results of the national assessment of math
and reading in Grade 12. I find no evidence that
the intervention improved test scores in either
subject, before or after accounting for the
schools’ performance in the year prior to the
intervention (Table 9). I can rule out effects
larger than .07 standard deviations in both sub-
jects. In fact, the distribution of student
achievement looks nearly identical across the
control and treatment groups, 2 months after
the intervention (see Figure A.1 in the online
Appendix). Furthermore, I find no evidence of
heterogeneous effects by students’ sex, socio-
economic status, or prior repetition (see Table
A.11 in the online Appendix).

Interestingly, all interactions between the
treatment and school-level characteristics are
negative, suggesting that schools with higher
levels of achievement, resources, and supports
benefit less from the intervention. The only
statistically significant interaction, however, is
the one between the treatment and school
resources for math (see Table A.12 in the
online Appendix).



TABLE 8

ITT Effect on Students’ Performance in School (2017)

Percentage of

Percentage of

Percentage of
students who

Percentage of
students who

Number of students who students who dropped out of repeated the
students enrolled passed the grade  failed the grade school grade
(@) 2 3 “ (©)) (6) (M @®) (€)) (10)
Treatment -1035 -1046 —2.28 221 1.93 1.86 -0.29  -0.27 0.01 0.01
(6.58) (6.59) (2.64) (2.63) (248) (2.47) (095 (095) (0.51) (0.51)
Prior-year 1.51 —1.43* 1.27 -0.32 0.01
school index (2.08) (0.83) (0.78) (0.30) (0.16)
Observations 189 189 195 195 195 195 199 199 195 195
R 0331 0332 0255 0267 0292 0302 0.033 0.039 0.007 0.007
Control mean  68.88 72.15 25.18 3.39 2.46
FDR g-value  0.588  0.588 0.753  0.753  0.753  0.753 0970 0.970 0985  0.985

Note. This table shows the intent-to-treat (ITT) effect of the intervention on students’ performance in school. This information is
collected at the school level through the national census of schools. The prior-year school index is the first principal component
from a principal component analysis that included the enrollment, passing, failure, repetition, and dropout rates for Grades 8 to
12 in all schools in the sample for the 2016 school year. All estimations include randomization strata fixed effects. FDR = False
Discovery Rate.

TABLE 9
ITT Effect on Student Achievement (2017)

Math (IRT-scaled score) Reading (IRT-scaled score)

(1) (2) 3) )

Treatment —-0.020 0.015 —0.051 —0.008

(0.049) (0.035) (0.063) (0.043)
Prior-year school index 0.641%** 0.801***

(0.107) (0.117)

Observations 8,814 8,814 8,865 8,865
R’ 0.025 0.076 0.018 0.067
Control mean —-0.259 —0.055
FDR g-value 0.853 0.853 0.853 0.853

Note. This table shows the intent-to-treat (ITT) effect of the intervention on student achievement. All scores have been scaled
using a two-parameter logistic Item Response Theory (IRT) model with respect to the national distribution to have a mean of
zero and a standard deviation of one. Prior-year school achievement refers to the first principal component from a principal
component analysis that included school-level average scores in assessments of math, reading, natural, and social sciences in
Grade 12 during the 2016 school year. All estimations include randomization strata fixed effects. FDR = False Discovery Rate.

Students’ Plans After Secondary Education

Finally, I estimate the effect of the interven-
tion on students’ post-secondary education plans.
Students were asked whether they planned to
study, work, or do both, so I coded each option
dichotomously. I do not find any indication that

the intervention affected the plans of the average
student (Table 10) or of the sub-groups of stu-
dents mentioned above (see Table A.13 in the
online Appendix).

I find some evidence of heterogeneity by
school characteristics. First, in schools with
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TABLE 10
ITT Effect on Plans After Secondary Education (2017)

1)
Plans to work
Treatment —0.001
(0.006)
Observations 9,377
R 0.004
Control mean 0.043
FDR g-value 0.903

@ ©)
Plans to study Plans to do both
—0.004 0.013
(0.020) (0.016)
9,377 9,377
0.006 0.001
0.453 0.360
0.903 0.903

Note. This table shows the intent-to-treat (ITT) effect of the intervention on students’ post-secondary plans. The dependent vari-
ables in the regressions are indicator variables for students who indicated that they plan to work, study, or do both after secondary
education. All estimations include randomization strata fixed effects. FDR = False Discovery Rate.

*Significant at 10%. **Significant at 5%. ***Significant at 1%.

higher levels of achievement, the intervention
increased the share of students who plan to work
and study after secondary school. Second, in
schools with more resources, the intervention
increased the share of students who plan to
work. Third, in schools with more supports, the
intervention reduced the share of students who
plan to study and increased the share of students
who plan to work and study by a similar magni-
tude (see Table A.14 in the online Appendix).

Discussion
Implications for Research

The present study highlights the importance of
evaluating promising educational interventions at
scale to understand their effectiveness when they
are implemented within a school system. The null
effects that I found differ considerably from the
encouraging results of efficacy trials and they are
more consistent with the results from two recent
large-scale impact evaluations. Outes et al. (2020)
evaluated the intervention in 800 secondary
schools in Peru. They found that it raised achieve-
ment in math (by .05 standard deviations), but not
in reading comprehension. Effects were driven by
one region; results for the other two were not sta-
tistically significant. Yeager et al. (2019) evalu-
ated the intervention in 65 secondary schools in
the United States. They found that it had no
effects on the grades of or courses taken by the
average student, but low performers improved
their grades and high performers took more chal-
lenging classes.
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This study, when read alongside the two other
effectiveness trials, also suggests that the inter-
vention only improves achievement when it
changes students’ beliefs about intelligence. In
Salta, I found that it had no effect on beliefs (see
section “Students’ beliefs”), so it is perhaps not
surprising that it had no impact on effort, climate,
performance, or achievement (see sections
“Student effort” to “Students’ plans after second-
ary education”). In Peru, Outes et al. (2020)
found that the intervention only had a positive
impact on math achievement in Ancash, where it
also improved students’ self-beliefs in math.
They found no such effects on beliefs or achieve-
ment in Junin or Lima, the two other regions. In
the United States, Yeager et al. (2019) found that
the intervention only improved grades among
low performers, who not only changed their
mindsets but also had margin for improvement.
These studies draw attention to the importance of
piloting the intervention to ensure that it changes
students’ mindsets before evaluating its impacts
on school performance or achievement.

The studies in Salta, Peru, and the United
States also raise important questions about how
context may moderate the effects of the interven-
tion. Context may matter for at least four reasons.
First, systems, schools, and classrooms may dif-
fer in their capacity to implement the interven-
tion. Outes et al. (2020) found that Ancash, the
region of Peru that most benefited from the inter-
vention, had implemented it with greater fidelity
than the other two regions. Yet, the Salta study
shows that the intervention can fail even when it



is implemented correctly. Second, systems,
schools, and students may differ in their margin
for potential improvements.”> As the authors of
the Peru study note, Ancash is also the most rural
of the three regions, so it is also possible that it
benefited the most because it started from a lower
level of performance. This interpretation is con-
sistent with the results of the U.S. study for low-
performing students. Third, students may also
differ in their baseline beliefs about the malleabil-
ity of intelligence. It is possible that students in
Salta, Junin, and Lima did not change their beliefs
or raise their effort because they did not hold a
fixed mindset before they participated in the
intervention. This would be consistent with the
results of some previous studies in the United
States, where the intervention has been impactful
among students with fixed mindsets (e.g., Yeager
et al., 2014), but Yeager et al. (2019) do not find
treatment heterogeneity by students’ baseline
mindsets. Finally, schools and teachers may differ
in their capacity to help students increase their
effort. Yeager et al. (2019) see this as the reason
why the intervention has larger effects in schools
whose students exhibit challenge-seeking behav-
iors. Yet, the Salta study finds no heterogeneity
across schools with different levels of resources
or supports for low-performing students.

The differences in the results of these studies
also raise questions about how the intervention
may change mindsets. The focus has been on the
reading that students are asked to complete. Yet,
there are at least two important differences in
how the intervention was delivered across Salta,
Peru, and the United States that may play a more
important role than previously anticipated. One
difference is whether students are required to
check their understanding of the reading (before
they are asked to write a letter to a classmate on
the main lessons from the passage). In Peru, stu-
dents were asked to answer review questions and
discuss the reading in groups. In the United
States, students were asked to summarize the
findings of the reading in their own words. This
step may be especially important in developing
countries, where reading skills are low, and it
may partly explain why the intervention had no
effects in Salta, where it was omitted.?® Another
difference is whether the activity is led by the
students’ teachers, as it was in Peru. This could
potentially both educate teachers and influence

Growth-Mindset Interventions at Scale

their interactions with students (for a broader dis-
cussion of this possibility, see Raudenbush,
1984; Yeager & Walton, 2011). The relative
importance of this aspect, however, is unclear, as
the intervention in the United States was effec-
tive even if it was delivered online and teachers
did not know which students received it.

These studies also offer several lessons for the
design of future evaluations of this intervention.
First, they highlight the importance of not only
evaluating the intervention at scale but also of
having sufficient statistical power to detect het-
erogeneous treatment effects across sites. Second,
they illustrate the usefulness of measuring stu-
dents’ pre-intervention mindsets and their post-
intervention understanding of the reading to make
sense of potential null results. This objective may
be achieved either by combining lab and field
experiments or by embedding the former in the
latter to keep data collection costs manageable.
Third, these studies make clear how essential it is
to collect information on students’ backgrounds
and schools’ resources and practices to examine
heterogeneous effects along these dimensions.

Implications for Policy

The present study draws attention to the
importance of context, intervention design, and
implementation in taking education initiatives to
scale in developing countries. The case of Salta
suggests that delivering the growth-mindset
intervention using materials and following pro-
cesses that have yielded positive effects in other
settings will not necessarily lead to similar results
(see Yeager & Walton, 2011). Furthermore, the
costs of implementing it are not trivial and should
be compared against those of initiatives with evi-
dence of effectiveness in these settings (see
Ganimian & Murnane, 2016).

This study also offers governments interested in
implementing the intervention guidance on some
of the aspects that they should consider when
deciding whether and how to do so. First, they
should try to understand whether potential benefi-
ciaries hold a fixed mindset and whether the extent
to which they hold such beliefs is related to their
academic performance. They should also consider
whether schools will seek to implement the inter-
vention with little training or support (as in Peru)
or with both (as in Salta).?” This decision will play
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an important role in determining the costs of imple-
mentation. Finally, if possible, governments should
consider using data already collected by their
school system to evaluate the impact of the first
iteration of the intervention through a randomized
rollout. This will reduce costs, avoid bias in
responses, and minimize differential participation
and allow the government to understand whether
the intervention works for their school system.

Conclusion

I present experimental evidence on a growth-
mindset intervention implemented at scale in
public secondary schools in Salta, Argentina, and
find it had no effects, either on intermediate out-
comes (e.g., students’ beliefs, effort, or school
climate) or the ultimate outcomes of interest
(e.g., students’ performance in school, achieve-
ment, and post-graduation plans). Nearly all
results are precisely estimated and allow me to
rule out even small effects. I find little evidence
of heterogeneous effects by students’ sex, socio-
economic status, and prior grade repetition, or by
schools’ educational resources and support for
low-performing students.

This study and my review of the literature
seek to raise important questions about the effec-
tiveness of growth-mindset interventions when
implemented at scale in developing countries. It
does not seek to call into question the efficacy of
variations of this intervention when implemented
by its developers among small convenience sam-
ples of schools and students, let alone the decades
of work that developed the theory on which these
interventions are based. It simply proposes a way
forward for identifying the conditions that would
maximize impact.
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Notes

1. The reason why Salta is one of the lower per-
forming school systems in the country but has simi-
lar percentages of students in the lowest two levels
as the national average is that two-thirds of students
in Argentina go to school in the Province of Buenos
Aires (a single-school system), which generally drives
the national averages in the national assessment (SEE-
MEDN, 2018b).

2. It should be noted, however, that several stud-
ies have found positive effects of similar interventions
after two sessions (Good et al., 2003; Yeager et al.,
2014) or one session (Mendoza-Denton et al., 2008;
Paunesku et al., 2015; Yeager et al., 2013, Study 3;
Yeageretal., 2011) including a 15-min session (Yeager
et al., 2013, Study 2).

3. ATTs have teaching degrees and either serve
or have served in the past as teachers. The MECyT
trained all ATTs on how to deliver the intervention in
August of 2017, using materials I had prepared.

4. The original English version of the reading can
be accessed at: https://bit.ly/2IRAJI5. The Spanish
translation used in Salta can be found at: https:/bit
Jy/2Y{L1VS.

5. This component of the intervention was first used
by Outes et al. (2020) in Peru. The original English
version of the poster can be accessed at: https:/bit
1y/2HWQfQIJ. The Spanish translation used in Salta
can be found at https:/bit.ly/2TIOHU9. The poster



was translated by Mind-set Works, the organization
that had developed the original version.

6. Several studies have examined whether the
growth-mindset intervention impacts students’
perceived difficulty of school-related tasks (Burnette
et al., 2018; Mendoza-Denton et al., 2008).

7. Prior studies have documented the effect of
mindset interventions on motivation (Blackwell
etal., 2007; Eccles et al., 1998), but few have included
actual measures of effort.

8. This expectation was informed by the evidence
on the effect of mindset interventions on stereotype
threat (Aronson et al., 2002; Good et al., 2003) and
hostile intent, aggression, and desire to seek revenge
(Yeager et al., 2011, 2013).

9. Multiple evaluations of mindset interventions
have found effects on school performance (Blackwell
et al., 2007; Paunesku et al., 2015), but only a few
have evaluated its effect on achievement on standard-
ized tests (Good et al., 2003).

10. Several studies have found that mindset inter-
ventions can affect students’ post-secondary education
plans (Outes et al., 2020; Yeager et al., 2019).

11. Multiple studies have found that the interven-
tion only works or works best for these sub-groups
of students (Aronson et al., 2002; Broda et al., 2018;
Good et al., 2003; Paunesku et al., 2015; Yeager et al.,
2016, 2019).

12. The two largest field experiments in this litera-
ture document considerable treatment heterogeneity
across schools (Outes et al., 2020; Yeager et al., 2019).

13. To my knowledge, only one study has exam-
ined treatment heterogeneity by school characteristics
(Yeager et al., 2019).

14. Unfortunately, the photos are not of high
enough quality to allow me to analyze the content of
the letters (e.g., to gauge whether students understood
or were persuaded by the reading).

15. In Peru, Outes et al. (2020) also asked schools
that were randomly assigned to implement a similar
intervention to submit pictures, but they received such
pictures for less than half of treatment schools.

16. The original survey in Spanish can be accessed
at https://bit.ly/210C39h.

17. Salta has traditionally had high participa-
tion rates in the national assessment. In 2016, 92%
of all public secondary schools and 83% of all stu-
dents in these schools participated in the assessment
(SEE-MEDN, 2016). In 2017, 97% of public schools
and 79% of students at this level participated (SEE-
MEDN, 2018c).

18. The original survey in Spanish can be accessed
at https://bit.ly/2WhogPp.

19. The index of prior-year achievement is the
school-level average score in the 2016 national assess-
ment, which covered math, reading, and natural and
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social sciences (see section “Student achievement”).
The indexes of school resources and supports are the
first principal components from principal component
analyses of questions in the 2016 survey of principals
on the resources and supports for low-performing stu-
dents at the school, respectively.

20. I imputed the mean absence rate in the treat-
ment group for four schools without absence data.

21. I imputed the mean number of letters for
schools without clear pictures, under the assumption
that the resolution of the pictures of student letters
(which is largely determined by the quality of the cam-
era of each implementer’s smart phone) is orthogonal
to actual implementation fidelity.

22. These assessments are not attached to any
stakes and the National Education Law of 2006
expressly prohibits the dissemination of achieve-
ment data at the school, teacher, or student level
(see Ganimian, 2015), so schools face no incentives
to discourage lower achieving students from taking
the exam.

23. Throughout the manuscript, when I state that I
can rule out effects of a given magnitude, I am refer-
ring to the upper bound of the 95% confidence interval
(see, e.g., Hoxby, 2000). For example, the upper bound
of the first estimate in Table 3 is 2.6 pp., so effects
above this magnitude are unlikely. When I make
this claim and multiple related hypotheses are being
tested, I use the largest upper bound that I observe in
a family. For example, in Table 3, I state that I can
rule out effects larger than 4 pp. because that is the
largest upper bound I observe across all outcomes in
that table.

24. In Argentina, the word “tuition” (apoyo esco-
lar) refers not only to fee-charging private providers
but also to programs offered by the government and
non-profits for free. Therefore, cost is not as much of
a barrier as the word may suggest from its use in other
developing countries.

25. A variation of this argument is that Grade 12
students, who are about to graduate from secondary
school, may have fewer reasons to change their beliefs
and mindsets than Grade 9 students, who are transi-
tioning into what is known as middle school in the
United States and as lower secondary school in other
countries.

26. I explored whether the effect of the intervention
in Salta varied either by students’ self-assessment of
their capacity to understand texts or by their schools’
prior-year reading levels, but did not find any evidence
of heterogeneous effects on mechanisms or outcomes.
These results are available upon request.

27. As mentioned in the section “Costs,” very few
developing countries have the requisite technologi-
cal infrastructure to deliver this intervention online
throughout the school system.
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