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Abstract

We use a randomized-control trial (RCT) to assess the impact on children’s cognitive
and noncognitive skills of several educational interventions (drawing, storytelling, and
e-learning) combined with a parental information intervention about the importance of
educational investments. We found no impacts across a range of outcomes for either
the educational intervention or the educational plus parental information intervention.
We discuss potential reasons for the null result and directions for future research and

policy.

Introduction

Poor parents and guardians in developing countries often underinvest in their children
due to a lack of financial resources. However, incomplete credit markets, riskiness of
such investments, irreversibility, and limited information about returns can also all lower
potentially efficient investments in human capital (Becker et al. 2018). In principle, gov-
ernments in developing countries can address some of these market failures however
one of their main policy levers (schools) also faces its own set of challenges in effectively
producing human capital (Kremer, Brannen, and Glennerster 2013; Glewwe and Muralid-
haran 2016; Snilstveit et al. 2015; Evans and Popova 2016; Glewwe et al. 2021). Financial
constraints, infrastructure limitations, large enrollments, and large learner-teacher ra-
tios all make teaching and remediation difficult®.

Learners also frequently fall behind early in school which can affect the entire pro-
file of investment decisions by children, parents, and schools (Cunha et al. 2006; Cunha
and Heckman 2007; Cunha, Heckman, and Schennach 2010). This can rationalize dropout
decisions and a lack of motivation as well as lead to issues with remediation and negative
spillovers within the classroom. Poverty is also extremely challenging for mental health
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1The two elementary schools in our study have such large enrollments that they split the day in half with
some learners attending during a morning session typically from 5:40 - 12:00 and other learners attending
an afternoon session typically from 12:00 to 18:20 (these times vary slightly by grade level). In addition, class
sizes are often as high 60 learners per teacher. In the Philippines, they use the term learner in place of
student and we adhere to their preferred nomenclature in this paper.
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(Haushofer and Fehr 2014; Ridley et al. 2020; Barker et al. 2022; Jin et al. 2024) and
economists have been increasingly recognizing the importance of cognitive and noncog-
nitive development not only for economic outcomes but also for the production of skills
themselves (Health Organization” 1999; Heckman, Stixrud, and Urzua 2006; Alimlund et al.
2011). Finally, urban poverty in developing countries is often quite concentrated, which
can create strong neighborhood and peer effects that present both a challenge and an
opportunity for policymakers (Marx, Stoker, and Suri 2013). Together these issues can
exacerbate to create a perfect storm for inequality and the intergenerational persistence
of poverty.

To understand some potential policy approaches to these issues in a poor urban en-
vironment, we investigated whether supplementary educational interventions interacted
with a parental information intervention might change the trajectory of children’s skill
development in a poor urban community located in Rizal Province in Manila, Philippines.
In our study we worked with two elementary schools and one high school. Children were
randomly assigned to one of three groups: educational intervention only, educational plus
parental information intervention, or control?. The two treated groups received the same
one hour per week educational intervention of either drawing, storytelling, or e-learning
that depended on the learner’s grade level®. The parental intervention provided an initial
pre-intervention information session (with periodic follow-ups) on children’s skill devel-
opment, the returns to schooling, and the importance of savings and investment for edu-
cation. Given the limited resources of both schools and families in the context, we tried to
design these interventions to be feasible but also sustainable.

Disappointingly we found no impacts of our intervention across a range of human
capital outcomes for children. This includes even from several years of follow-up data.
We hope this paper can be useful to the literature in avoiding the file drawer problem
(Andrews and Kasy 2019; Abadie 2020; Chopra et al. 2024) and to give a more complete
picture of when and why such interventions do not appear to be effective. Particularly
when viewing development as an engineering problem null results from RCTs are quite
instructive (Karlan and Appel 2017).

Our findings are in contrast to the literature which typically finds positive impacts of
e-learning interventions on mathematics test scores in developing countries®. Informa-
tion about the returns to education have been demonstrated to produce positive impacts
in some contexts (Nguyen 2008; Jensen 2010)°%. RCTs for storytelling and drawing inter-
ventions appear to be completely novel in the literature®. E-learning has been much more
studied but generalization and context of its effectiveness are not well understood (Kre-
mer, Brannen, and Glennerster 2013; Bulman and Fairlie 2016). We are also not aware

2The proposed RCT was reviewed and approved internally at the University of Tokyo by an ethics review
committee on 14-5-2015 (examination number 15-19) prior to the data collection. Documentation can be
provided upon request.

3These type of interventions are variously called e-learning, computer aided instruction (CAI), and com-
puter aided learning (CAL) in the literature (Bulman and Fairlie 20186).

“Programs that simply give technology such as computers or tablets tend not to find any impacts (Barrera-
Osorio and Linden 2009) whereas e-learning software seems capable of producing large impacts (Banerjee
etal. 2007; Linden 2008; Lai et al. 2013, 2015; Mo, Zhang, Wang, et al. 2014; Mo, Zhang, Luo, et al. 2014; Mo
et al. 2015; Bai et al. 2016; Muralidharan, Singh, and Ganimian 2019)

SInstead of a very general information treatment, more papers seem to examine individualized information
treatment such as providing parents clearer information about their child’s performance in school. Inter-
estingly it seems that lower income parents are less responsive to such information interventions (Boneva
and Rauh 2018; Dizon-Ross 2019)

8There are claims that these types of arts interventions will provide spillovers to other types of skill de-
velopment (Simpson Steele 2016). Despite the evidence base for such claims being fairly weak (Goldstein,
Vincent-Lancrin, and Winner 2013), policies, including those in Japan, are predicated on exactly such mecha-
nisms. The storytelling RCTs we found in the literature are more oriented around promoting health behaviors
of adults and teenagers, which is qualitatively quite different than our intervention.



of research examining interactions between parental information and child educational
intervention. We provide more details below when discussing the inventions.

We also try to draw some specific conclusions and lessons from our experience con-
ducting the intervention. A positive side effect of our project is that we continue to work
with local school district officials who are very interested in conducting impact analyses
on different programs within their district and with a local NGO called the Salt Payatas
Foundation Philippines (Salt Payatas) who continue their efforts to improve the lives of
poor children in the Philippines. We hope this collaborative work will yield further capac-
ity building and policy insights that can be helpful to improve the lives of children in the
Philippines.

Background and context

Our intervention occurred in Kasiglahan Village (KV), which is located in Rizal Province in
metro Manila. Although initially the village was a resettlement area for victims of the Pay-
atas dumpsite landslide, the area has subsequently grown significantly’. Our intervention
was designed based on consultation with school district officials in the Department of Ed-
ucation in Rizal Province and with the Salt Payatas who have been working with women
and children in Payatas and KV since 19958,

Preliminary interviews with parents, teachers, volunteers, and the children them-
selves provided background information about the challenges that the children faced in
their lives and helped to design the intervention. Our observations were as follows. First,
some children have already stopped attending school as early as G1 and G2°. Second,
many learners do not show much interest in reading or in school more generally. Even at
the beginning of their school careers, lack of motivation and interest were already salient.
Third, some learners lacked basic skills such as ability to spell their own name or to per-
form simple arithmetic calculations. These literacy and numeracy issues obviously com-
pound and make learning in higher grades difficult. Furthermore, given the extremely
large classes of approximately 60 learners per class, it is often difficult for teachers to
provide individualized remediation or to motivate those who are not interested in school.
Trying to increase motivation and the use of technology for large-scale remediation were
identified early on as potential areas for intervention.

Given these facts on the ground, we worked with subject-matter experts to design
three types of educational interventions: drawing, story telling, and e-learning. The as-
signed intervention depended on the grade of the child at the time of random assignment.
Drawing was for learners initially in G1-G2, storytelling for those in G3-G4, and e-learning
for G5 and above. Learners would continue to receive the same type of intervention for
the duration of the study. Most of the interventions were for one hour per week, were
extracurricular, and were around lunch time (either after the morning school session or

70On July 10, 2000 there was a devastating landslide of a garbage dump that had been used for scavenging
by squatters living in a nearby area called Payatas. Although officially 218 people died, the total was perhaps
much higher and many people’s homes were either destroyed or declared at-risk and uninhabitable. A na-
tional outcry followed and the efforts of activists and children affected by the tragedy such as the Bangkang
papel boys led to resettlement efforts.

8Salt Payatas provides educational scholarships to children and empowers women through production of
craft goods for sale. These activities are partly financed by offering study tours of local areas. However, Salt
Payatas felt that these scholarships were often insufficient to stop children from dropping out or perform-
ing well in school. This led to efforts to find other solutions and members of Salt Payatas made contact with
researchers in Japan to begin thinking about what studies or interventions could be done to help local chil-
dren. This collaboration led to the current project. The Japanese government through Japan International
Cooperation Agency (JICA) has also contributed to the community by helping to establish a children’s library
in KVin 2015.

®Grades in the Philippines are referred to by G1 (1st grade), G2 (2nd grade), etc. We again follow local
nomenclature.



before the afternoon school session). There was some variation in the number of days of
intervention depending on the year and the type of intervention. We provide details below.
Children were encouraged but not required to attend and because the interventions oc-
curred near the children’s lunch hour we also provided lunch for the treated children?®.
The drawing and storytelling interventions ran for two consecutive school years (2016-
17 and 2017-18). However, the e-learning intervention ran for three consecutive school
years (2016-17,2017-18,2018-19). This was partly because during the first intervention
year (2016-17) there were issues with internet access and the e-learning intervention
could not be successfully implemented so we extended it for an additional year through
the 2018-19 school year.

Child educational interventions

Drawing The youngest learners (initially in G1 and G2) were provided with a drawing
class. The class always began with an open-ended story and the learners were then en-
couraged to create their own endings to the story through their illustrations. This was
designed to stimulate their creativity and cognition. This program was created by our co-
author Dr. Takaaki Okumura who is an art scientist that formerly worked for Japan’s Min-
istry of Education designing art education at primary and secondary schools in Japan. Art
education in Japan is designed exactly to develop such cognitive and noncognitive skills.
Staff were also given training about how to interact with the learners in order to encour-
age (but not distort) their creative processes. Although few studies have rigorously mea-
sured the impacts of art education on skill development, existing research finds positive
effects on psychological traits and behavior (McDonald and Drey 2018) particularly for
those with learning disorders (Regev and Guttmann 2005). Art therapy has also been
shown to reduce anxiety in children with leukemia who were undergoing painful proce-
dures (Favara-Scacco et al. 2001). We hypothesized this might have some parallels to a
stressful high-poverty environment (Haushofer and Fehr 2014; Ridley et al. 2020). We
are not aware of any other RCTs that specifically focus on the impacts of art education.

Storytelling For learners initially in G3 and G4, we worked with Mr. Rey Buhi and
Ms. Jennica Gan, experts from a Ginebra Ako award-winning volunteer organization
called The Storytelling Project, to design a storytelling intervention!. They provided
training to staff about how to conduct the storytelling sessions in order to engage and
manage learners. The goal was to improve the learners’s imaginations and to instill
a love of reading with the hope that this would translate into increased literacy and
interest in school. The intervention involved a group reading activity in which the staff
member would show the book to the learners and read out loud. Learners were again
encouraged to craft their own endings to the story in order to help stimulate their
imaginations. In addition to the story, the intervention also included singing and dancing
at the beginning of each storytelling session to help the learners focus during the story.
A meta-meta-analysis of student learning in developing countries suggests pedagogical
interventions, teacher training, and improving accountability are effective (Evans and
Popova 2016). Early reading interventions in developing countries can work (Graham and
Kelly 2018) and our intervention shared some aspects of successful interventions such

10Nutrition has been shown to be an important component of school productivity (Glewwe, Jacoby, and King
2001). In that sense our intervention is a compound intervention consisting of both educational and nutrition
intervention so it would be impossible to identify them separately.

11The Ginebra Ako awards honor individuals or organizations that have made exceptional contributions in
the Philippines.



as staff training and scripted pedagogy. However, we did not find any RCTs specifically
related to storytelling as way to promote reading skills.

E-learning For learners intially in G5 and above, we implemented an adaptive e-learning
software for mathematics. In comparison to the drawing and storytelling that focused on
broader skill development, this intervention was more focused on remediating specific
mathematics deficits that might be holding the learners back. Learners were in a class-
room together and each learner had their own computer to use. The e-learning software
had the ability to identify and drill learner weaknesses while issues with learner focus
and motivation were addressed by trained staff.

During the first year of intervention (2016-17), a Japanese edtech company called
Quipper allowed us to use their e-learning product!?. However, we could not implement-
ing the program properly because of limited internet access, which is one among many
difficulties that can arise in implementing RCTs in developing countries (Karlan and Appel
2017). From the middle of 2017-18 school year, we received generous support from a
Japanese e-learning company called Surala Net including full access to their online ma-
terials and intensive training of our staff members to serve as coordinators. Internet
access had also improved. Because the first-year intervention could not be implemented
properly, the Surala e-learning program was extended an additional year through the
2018-19 school year. We also invited learners for two hours per week twice instead of
one hour per week?!3.

In general the literature on computer aided instruction finds mixed evidence of effec-
tiveness except for a clear pattern of some impacts on mathematics scores in developing
countries (McEwan 2015; Bulman and Fairlie 2016; Escueta et al. 2020). However, even
this evidence produces some variation in impact depending on whether the e-learning is
integrated into the curriculum, held out of school, and on the initial ability level of the stu-
dents (Linden 2008; Lai et al. 2013, 2015; Mo, Zhang, Wang, et al. 2014; Mo, Zhang, Luo,
et al. 2014; Mo et al. 2015; Bai et al. 2016). There have been calls for more research to
help isolate mechanisms and to understand generalizability of these e-learning programs
(Escueta et al. 2020).

Parent information intervention

For one of the treatment arms, in addition to the educational intervention, we also pro-
vided an information intervention for parents. Some research has found that providing
information can substantially change the investment behavior of households in develop-
ing countries (Nguyen 2008; Jensen 2010). This is particularly intriguing for policymak-
ers because information interventions can in principle be done quite cheaply, possibly at
scale, and information can also spread across social networks, which can lead to seeding
strategies (Banerjee et al. 2013). Although the impacts of information interventions tend
to be small (McEwan 2015; Escueta et al. 2020), their low cost implies that even modest
impacts can pass cost-benefit analyses.

Our information intervention was held for one hour in groups of 20-40 parents,
which was so they would feel comfortable to ask questions. This information intervention
was conducted before the start of the educational interventions. In the intervention, we
stressed the importance of education to parents by providing information on how gradu-
ating from college could increase monthly earnings, on children’s skill formation and the

12Quipper saw huge early-stage growth in the Philippines during the pandemic (Ignacio 2022).

13We had difficulty increasing the attendance rate particularly among learners in higher grades. Many had
anxiety about mathematics and tried to avoid the e-learning program. But those who tried it often became
strongly attached and continued to attend.



importance of early investments, some basic information about the costs of college and
the availability of scholarships, some calculations on how not spending on gambling and
smoking could compound over time, and finally we encouraged savings for educational
investment by giving parents an alkansya'*. We distributed a pamphlet biweekly for the
duration of the treatment to remind the parents about the information. The education
only intervention group also received an explanation of the importance of cognitive and
noncognitive skills. All groups (including control) received an introduction to the project
team, an explanation of the survey, assistance in filling out survey, consent, and waiver
forms, and an introduction to the JICA-funded child library run by Salt Payatas.

From our pre-intervention survey, parents seemed to drastically underestimate
the monetary returns to schooling. We asked parents about their expectations for
their child’s income at various hypothetical levels of education. We then compared the
averages of these expected incomes with the actual incomes collected in our baseline
survey!®. Parents typically perceived that incomes were 20 - 60% lower than actual
incomes*®.

In addition, preliminary calculations suggested that some simple financial adjust-
ments could easily put college within reach for many of the households, which is con-
sistent with some of the nudge and behavioral economics literature (Duflo and Banerjee
2011; Kremer, Rao, and Schilbach 2019). Although information treatments tend to have
smaller effect size for self-reported attitudes and behavioral measures than for belief
updating (Haaland, Roth, and Wohlfart 2023), our hypothesis was that there might be a
complementarity between the parental information intervention and the educational in-
terventions that could be used to leverage the impact. To our knowledge there are no
studies looking at such interactions.

Data
Sampling, randomization, and stratification

We did our initial sample selection and survey in 2015-16 in the year before the inter-
vention, which began during the 2016-17 academic year among students in G1-G7. We
sampled at the classroom level by randomly choosing one classroom from each grade at
the three schools. The randomization then occurred at the individual learner level so that
some learners within the same class would be assigned to one of the two treatments or to
control. This sampling was done at the classroom level to minimize disruption to teachers
and administrators. We also stratified in order to sample a “star” section, which consisted
of more advanced learners. In practice, there was usually only one star section per grade
so this “sampling” was primarily nonstochastic.

Summary statistics

Our data come from three sources. First, children were given direct assessments, mea-
surements, or asked survey questions. Second, we also interviewed parents or guardians

4 plkansya is the Tagalog word for piggy bank. This population is largely unbanked and lacks access to
various financial services. We also noticed other type of savings commitment devices in other contexts in the
Philippines like for tricycle drivers who sometimes have a locked alkansya where they can deposit fares for
savings purposes.

15Because there are few college graduates in our sample of parents, we extrapolated the income for high
school graduates using the returns to tertiary education reported by Montenegro and Patrinos (2014).

181t is somewhat unclear how such large misperceptions can persist. Financial illiteracy may play a role. In
addition, respondents are largely unbanked so financial information sharing may be limited due to security
concerns.



of the children. Third, we received data from teachers and principals on the children’s
school attendance, performance in school, and health status.

Table 1 shows mean and standard deviation for the outcomes variables in our anal-
ysis. These data are pooled across time and grouped by theme. We examined a wide
variety of educational inputs and outcomes: study time, reading habits and attitude, col-
lege aspirations, self-esteem, grit, impulsivity, family environment, 1Q, school outcomes,
discounting, and mathematics. At baseline in 2016, we collected data from 1103 learn-
ers and this gradually decreased to 789 for the final round in 202017. This population is
somewhat transient with families often relocating because of labor market opportunities.
However, the attrition does not look different by treatment status. In Table 1, the sample
size across outcomes shows the extent of missingness and attrition by year and outcome.
School outcomes were only available through 2018 and in general have the most missing
data mainly because of difficulty obtaining records. Draw-a-person was not collected in
2019 due to a funding issue, and we also added Raven’s Progressive Matrices beginning
in 2018. A “marshmallow test”, which we used to back out an estimate of the discount
rate beta, was not collected at baseline.

The data indicate that the children spend more than an hour studying on both week-
days (80.88 minutes) and weekends (66.11 minutes). They also report reading 3.66 books
last week and 6.39 books last month, which suggests some recall bias. 68% of children
report reading after class. Among the children, 82% perceive that they are likely to go
to college. This is much higher than the actual college completion rate in the Philippines,
which is 16% for those 25 and above!®. This suggests either a very low college completion
rate among enrollees or perhaps some information bias in their predictions.

The next five measures used scales common in the psychology literature. Most of
the measurement items are Likert scales and we re-orient the item responses to have the
same direction before either averaging or summing the items depending on which is scale
is used in the literature. We try to give a qualitative interpretation and also compare to
measurements reported in the literature.

Reading motivation comes from the 9-item reading subscale of the Elementary
School Motivation Scale (Guay et al. 2010) and the average of 3.03 corresponds to a
“sometimes yes” interest in reading. Impulsivity is the 8-item Domain-Specific Impulsivity
Scale for Children which aggregates a child self-report about the frequency of different
types of behavior that the child engages in at school and home. Higher scores correspond
to better behavior. The mean of 3.36 indicates that on average the children engage in
various types of misbehavior 2-3 times a month. Family environment is the 18-item
questionnaire Family Environment Scale (FES) which measures the social-environmental
characteristics of the child’s family (Moos and Moos 1976). Each item has a yes or no
response, which we reoriented, coded as 0/1, and averaged. Values closer to 1 indicate
a better family environment. The mean was 0.77. Self-esteem is the 10-item Rosenberg
self-esteem scale that asks the children about their feelings towards themselves (Rosen-
berg 1965). The average of 2.92 indicates that on average the children “agree” with the
items describing high self-esteem. Grit is the 8-item Short Grit Scale (Duckworth and
Quinn 2009). Higher values correspond to more grit. Interestingly the average 3.50 in

17During the 2015-16 school year prior to the RCT, we originally collected data from 1441 learners in
our survey. However, at the time of randomization, just prior to the 2016-17 school year, we could only
locate 1103 learners. The randomization was done with this smaller population of learners. As always there
is some selection into participation in the RCT. However, none of the baseline covariates seem to predict
this participation decision so at least based on observables it appears to be random. Also, the child self-
assessment at baseline was deliberately restricted to older children due to concerns that the questions were
too challenging for younger children. This led to the smaller sample size at baseline for most of the child
assessment outcomes.

18 Authors’ calculations, 2010 Philippines census (IPUMS 2020).



our sample is actually quite similar to samples from the US (Duckworth and Quinn 2009).

We used two IQ related measures. The first is the “draw-a-person” assessment
which asks children to draw the figure of a person. The measure has 50 items related
to the complexity of the figure drawn and it was designed to be a systematic way to
measure the “nature and organization of the child’s mental processes” (Goodenough
1926). Our sample averaged 29.03, which is remarkably similar to the averages reported
by Goodenough (1926) for American school children in the 1920s. From 2018, we also
collected a more standard IQ measure in the form of Raven’s progressive matrices. We
used the 12-item short form and the mean of the sum score is 6.79, which is smaller but
similar to statistics reported in the literature (Arthur Jr and Day 1994). The difference
is likely accounted for by the younger age of our study participants. Interestingly the
correlation between our Raven’s and draw-a-person measures was 0.15, which is
consistent with other research questioning the validity of draw-a-person as a measure
of IQ (Imuta et al. 2013).

The school outcomes (school attendance, BMI, and GPA) come from the school
records and not from surveys. These data are more likely to be missing. While school
attendance is quite high at 97.72%, children tend to be underweight with an average BMI
of only 15.32. GPA is measured on a 100 point scale with a mean of 81.51 in our sample.
Below 75 is considered failing. However, failing is somewhat rare, as only 3% of students
in our data appear to be failing.

We estimated discount factors using a “marshmallow test” except with chocolate!®.
We asked children whether they preferred 5 chocolates today or 6 chocolates tomorrow,
5 today or 8 tomorrow, and 5 today or 10 tomorrow?°. The responses were used to con-
struct the midpoint of a discount factor that would rationalize their choices. The mean
beta is 0.81. We also asked the children the same questions except in one week or in 8
days. This was intended to measure hyperbolic discounting. The mean beta future is 0.79
which is similar magnitude and only 11.2% of children had a beta future larger than beta,
which interestingly suggests that the vast majority of these children are not hyperbolic
discounters.

Finally, we implemented two mathematics assessments. The first we call CEM after
the company that administered the assessment (Center for Educational Measurement).
This was collected at baseline, each midline, and at endline. The second assessment
(Surala) was only given in 2020 and was specifically designed to be aligned with the e-
learning program from Surala Net. For both assessments we report the percentage cor-
rect, which averaged 43.16% for CEM and 79.03% for Surala.

Some of the measures we implemented after not seeing impacts in outcomes mea-
sured in the first year. Although this can be seen as searching over the outcome space,
we also were not sure why we were not seeing impacts and if perhaps our measures were
not well-aligned with the intervention. This, for example, occurred with the CEM mathe-
matics assessment. At the first midline point in 2017, learners only got 36% of answers
correct from which we ascertained that the assessment was too difficult for the learners
and unlikely to capture any potential impacts of our interventions. After asking the com-
pany to make the test easier, the average increased to 50 in 2018. However, the test also
seemed misaligned with our intervention soin the final year we also added an assessment
designed specifically by Surala to be aligned with their e-learning software.

We also conducted a parental survey given that our intervention specifically targeted

130ur local team members suggested using chocolates instead of marshmallows because of learner pref-
erences.

20Children were told they would receive chocolates according to their response to one of the randomly
drawn questions. This of course raises standard issues about experimenter commitment and also the fact
that the children experienced a lottery over their responses make our discount factor calculations not nec-
essarily straightforwardly interpretable.



the parents’ information set. While some of the children’s items captured the household
environment or the children’s skills, we were also quite interested in the savings behav-
ior of households given the encouragement for the parents to save. However, there was
substantial attrition in the parental survey and lots of non-response. The respondents
are largely unbanked and interviewers informed us that parents were reluctant to pro-
vide information about any savings they keptin the house for security reasons. In addition,
parents usually work 6 days per week and are often away from the village so it was much
easier to interview the children.



Table 1: Summary statistics

N by Year

Pooled Baseline Midline Endline

MEAN  SD 2016 2017 2018 2019 2020

Learning inputs

Minutes studying (weekday) 80.88 76.23 1072 985 774 796 752

Minutes studying (weekend) 66.11 6369 1072 985 777 796 752

Books read (last month) 639 617 1072 986 776 795 751
Books read (last week) 366 468 1073 985 777 796 752
Read after class 068 0.46 1069 983 777 792 748

Child self-assessment

College likely 082 038 1078 986 778 796 752
Reading motivation 3.03 047 540 986 776 796 750
Impulsivity 336 088 541 985 778 796 751
Family environment 0.77 0.13 548 983 776 795 750
Self-esteem 292 038 541 986 779 796 752
Grit 350 053 541 986 778 796 751
1Q

Draw-a-person 2903 906 1062 986 779 753
Raven's 6.79 292 777 796 752

School outcomes

School attendance (%) 97.72 449 693 780 265
BMI 15.32 459 992 472 203
GPA 8151 453 687 785 376

Discounting

Beta 081 0.20 822 706 721 643

Beta future 0.79 0.21 856 718 737 656

Mathematics

CEM 43.16 19.83 461 400 297 312 161
Surala 79.03 16.50 340
N 1103 1015 876 838 789

Table 2 shows baseline balance for outcome variables measured at baseline as well
as selected parental characteristics. We do not find any difference in the mean of the
outcome variables at baseline by random assignment.
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Table 2: Baseline balance

Treatment

EDUCATION EDUCATION + INFORMATION CONTROL

Minutes studying (weekday) 7334 69.86 70.62
Minutes studying (weekend) 7051 75.92 72.66
Books read (last week) L.64 443 454
Books read (last month) 6.71 6.88 7.29
Read after class 0.75 0.74 0.74
College likely 0.64 0.65 0.63
Reading motivation 3.14 3.06 3.11
Impulsivity 3.09 3.09 322
Family environment 0.78 0.75 0.76
Self-esteem 2.85 2.83 2.86
Grit 3.42 3.51 3.50
Draw-a-person 23.53 2333 23.99
School attendance 97.79 97.96 97.90
BMI 16.06 15.71 15.94
GPA 81.05 80.91 81.03
CEM 32.71 31.12 33.54
Star section 0.45 0.45 0.44
Female students 0.47 0.47 0.46
Household size 3.05 2.89 3.22
Maternal education elementary school 0.17 0.15 0.15
Maternal education high school 0.56 0.63 0.60
Maternal education college 0.26 0.22 0.25
N 368 366 369

Notes: * indicates a statistically significant difference in means for the three groups at a 5% significance level.

Table 3 shows the number of intervention days and the attendance rate. The num-
ber of treatment days offered ranged between 11 and 29 and varied both by intervention
and by year. The overall attendance rate among treated learners was 29% of the offered
intervention days. So there were a substantial amount of “never-takers” at the intensive
margin. At the extensive margin, only 22.5% of children never attended any days across
all years, which shows that there is some cycling in and of out the intervention among
treated children. There were no crossovers as attendance among the control group was
zero. Attendance increased in the second year of the intervention and was higher for
drawing and storytelling?! E-learning was extended through 2018-19 while the other two
interventions ended. All interventions then had ended by the 2019-20 school year and we
collected the endline data in 2020.

21The days offered of e-learning in 2017-18 was lower because the Surala e-learning software was only

available from November while the drawing and storytelling started from the beginning of the school year in
July.

11



Table 3: Intervention attendance
2016-17 2017-18 2018-19 2019-20

Days offered

Drawing 12 25 0 0
Storytelling 12 25 0] 0
E-Learning 12 11 29 0
Control 0] 0 0] 0
Attendance rate (%)

Drawing 34 59 0 0
Storytelling 32 58 0 0
E-Learning 26 43 18 0
Control 0 0 0 0

Empirical strategy

We estimate the impact of our interventions using the following regression model:

Yoo = b+ T+ ab TSP + €, (1)

isct

where Y, , is the outcome for child i in school s in class cat time t € {2017, ...,2020}, Tf is
an indicator for whether the child was assigned to the educational intervention, and Tfp is
an indicator for whether the child was assigned to the combined educational and parental
information intervention. The parameters are superscripted by ¢ to allow the impact of
the program to differ by time period. In robustness checks, we also experimented with
time invariant child/family controls X, and baseline outcome Y, ,. We also estimated the
model on different subsets of the data. Testing o = 0 can tell us about the impact of the
educational intervention and testing o} = ! can tell us about any differential impact of
the parental information intervention. We can also examine potential dynamic impacts by
examining impacts over time.

The intent to treat parameter helps us to understand the effect of the program as im-
plemented. However, given the attendance rate, it also useful to look at a LATE parameter
that identifies a weighted average along a “causal response function” (Angrist and Imbens
1995). One way to model this is to examine the impact of the attendance rate. We look at
a cumulative attendance rate through period ¢ for educational treatment (A$,) and for the
combined education and parental treatment (Afp). This variable equals 0 for control chil-
dren and no-shows and ranges up to 1 for children with perfect attendance. To deal with
the endogeneity of attendance, we can instrument for these two variables using random
assignment 7 and T ”. This gives the impact of attendance on children who are induced
to change their attendance rate by assignment to the treatment. The model is given by:

Yvisct = Qg + O51"42?15 + a2A§p + €isct (2)

In this model we again experimented with adding control and baseline outcomes as well
as estimating the model on different subsets of the data.
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Results

Our main results are shown in Table 4 (ITT) and Table 5 (LATE). Overall we do not find
any consistent pattern of impact estimates. There are sporadic statistically significant
estimates but are often the “wrong” sign, do not persist over time, and would likely dis-
appear with adjustments for multiple comparisons?? One exception is that there appears
to be some decrease in learners’ study time. This is an example of behavioral response
to an exogenous intervention (Todd and Wolpin 2003; Pop-Eleches and Urquiola 2013)
and is consistent with some work that finds school inputs can crowd-out private inputs
(Houtenville and Conway 2008). However, the magnitude of the decrease in study time is
outweighed by the 60-120 minutes of intervention, which shows that some of the transfer
indeeds “sticks” to the child (Jacoby 2002).

22We have colored positive statistically significant impacts in blue and negative ones in orange.
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Table 4: Impact estimates (ITT)

Learning inputs Child self-assessment Q School outcomes Discounting Math
STUDYING ~ STUDYING ~ BOOKS (LAST BOOKS (LAST READAFTER  READING FAMILY SELF- DRAW-A- ATTENDANCE
(WEEKDAY) ~ (WEEKEND) ~ MONTH) WEEK) CLASS ~ MOTIVATION IMPULSIVITY ~COLLEGE ENVIRONMEN"  ESTEEM GRIT PERSON RAVEN'S % BMI GPA BETA BETAFUTURE CEM SURALA
2017 endline
- -9.54 -1.10 -093 -0.082 -0.001 -0.083* -0.10 -0.039 -0016 0014 -0.078 -0.11 -1.50 -037 -0013 -0015 -0.96
ucation
(5.65) (5.00) (0.53) (0.42) (0.036) (0.035) (0.067) (0.027) (0.010) (0.031) (0.042) (0.24) 0.77) 0.42) (0.018) (0.018) (1.79)
Education + -850 -329 -047 0.10 0.009 -0.065 -0.023 -0.005 -0.022* -0011 -0.036 031 -0.011 031 -0.030 -0.009 -0.024 -1.07
Information (5.62) (6.97) (052) (0.42) (0.036) (0.035) (0.066) (0.027) (0.010) (0.030) (0.042) (0.62) (0.24) (0.76) (0.42) (0.018) (0.018) (1.78)
Control 8241 7050 734 405 069 313 346 088 076 287 353 3266 97.94 1393 8221 080 0.78 36.90
mean (73.21) (65.09) (7.02) (538) (0.46) (0.42) (0.84) (033) (0.13) (039) (0.54) 867) (289) (6.60) (4.90) (021 0.21) (15.73)
2018 endline
cd -8.66 -11.98* -052 -0.48 -0.008 -0.040 0.015 0.030 0.006 0033 -0.067 -095 -0.46 105 -0.032 -052 -0.035 -0.035 -0.58
ucation
(7.21) (5.59) (0.54) (039) (0.042) (0.043) (0.079) (0.029) 0.011) (0.034) (0.047) (0.73) 027) (1.22) (0.54) (057) (0.020) (0.019) (2.90)
Education + 052 -15.72* -0.16 -0.20 -0019 -0.048 -0012 0.041 0.000 0015 -0.087 -057 -0.13 -0.36 012 0014 0.006 0014 -1.51
Information (7.08) (5.50) (053) (039) (0.042) (0.042) (0.077) (0.028) (0011) (0.034) (0.046) 0.72) (0.26) (1.18) (0.54) (0.56) (0.019) (0.019) (287)
Control 91.76 75.00 673 3.79 067 3.09 3.40 085 077 294 358 3230 6.10 96.55 16.57 8143 081 0.79 50.88
mean (80.24) (65.61) (5.82) (%.51) 0.47) (0.48) (0.91) (0.35) 0.12) (0.38) (0.52) (7.94) (3.09) (7.68) (3.34) (6.92) (0.20) (0.20) (21.69)
2019 endline
" 388 -11.18* -084 -0.30 -0.078 -0.14* -0.13 -0.018 -0012 0.009 -0.088 -0.28 0.025 0012 -5.98*
Education
(7.09) (5.05) (0.49) (0.30) (0.041) (0.041) (0.077) (0.027) (0.010) (0.033) (0.047) (0.25) (0.018) (0.018) (2.76)
Education + 329 -5.74 -0.12 -0.28 -0.003 -0.087* -0.049 -0.016 -0.005 -0.008 -0.11* 0.064 -0.004 -0.001 -397
Information (7.05) (5.02) (0.49) (0.30) (0.041) (0.041) (0.076) (0.026) (0.010) (0.033) (0.047) (0.25) (0.018) (0.018) (283)
Control 87.82 66.35 619 324 068 3.06 345 091 079 296 361 6.97 080 0.79 53.99
mean (78.05) (57.25) (571) (3.70) (0.47) (0.45) (0.96) (0.29) 0.11) (0.39) (0.54) (2.86) (0.20) (0.20) (21.44)
2020 endline
£d -8.45 -857 -0.029 -0.093 -0.10* -0.022 -0.030 -0.002 -0.021* -0010 -0.11* -0.70 011 -0.009 -0017 -2.37 0.62
ucation
6.77) (5.20) (0.45) (0.23) (0.043) (0.040) (0.078) (0.027) (0.010) (0.034) (0.047) (0.80) (0.24) (0.018) (0.018) (3.98) (2.20)
Education + -10.09 -9.42 039 021 -0.10* -0.035 -0.026 -0.011 -0016 -0.007 -0.090 -062 024 -0.005 -0012 -1.00 -0.19
Information (6.58) (5.06) (0.44) (0.23) (0.042) (0.038) (0.076) (0.026) (0.010) (0.033) (0.046) (0.78) (023 (0017) (0.017) (4.18) (223
Control 88.15 64.52 525 259 0.71 296 341 091 081 295 353 28.76 746 084 083 64.30 7887
mean (77.23) (59.92) (4.63) (2.44) (0.45) (0.41) (0.89) (0.29) (0.10) 037) (0.50) 852) (2.79) 0.17) 0.17) (21.65) (17.10)

Notes: For impact

t

Control

the standard

* indicates a statistically significant impact at the 5% level. Positive effects are colored bue and negative effects are colored yellow.
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We tried several robustness checks including adding controls for baseline house-
hold characteristics, baseline learner characteristics, and baseline outcome variables.
We also examined impact heterogeneity by intervention type (drawing, storytelling, or e-
learning), child gender, maternal education, and star section. Figure 1 summarizes the
various ITT estimates using a Forest plot that is faceted by year and treatment. The dark
lines represent 95% confidence intervals centered around the impact estimates reported
in Table 3. Each light gray line represents an alternative specification or subgroup anal-
ysis detailed above. As can be seen, we did not find any consistent pattern of impacts
across any of the analyses. In Figure 2, we repeat the same procedure using our LATE
estimates and again find no discernible pattern of impacts.
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Figure 1: effect sizes (ITT) heterogeneity and robustness checks
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Discussion

The RCT is somewhat silent on the cause of these null results as the possibilities are mul-
titudinous. It could have been related to the time input of the intervention or to the atten-
dance rate. However, IV models that identify a LATE parameter for learners who were
affected by the intervention also did not show any impact?3. Perhaps it would have been
more effective toincorporate the activities directly into the classrooms as extracurricular
interventions were not necessarily well integrated with the school curriculum. However,
curricula are more difficult to change especially in a randomized way and so offer less dis-
cretion for researchers to experiment with. Our extracurricular intervention may have
also introduced some social issues for the children, especially as the randomization was
done within classrooms (e.g., why are some children attending a special class?, treated
children wouldn’t get to immediately go play after school or they’d have to come to school
early, etc.). Such spillovers would violate SUTVA. For example, the within-classroom ran-
domization could have motivated control children to work harder and nullify any potential
positive effects of the intervention. Alternatively, perhaps the treated children did not
want to appear different than their control group classmates so that intervention itself
may have been technically effective but the social context rendered it ineffective. Yet an-
other possibility is there may have not been good alignment between the intervention and
the skills of the students. The first-year mathematics assessment was too difficult for the
students, which seemed to intimidate some students. Learners also had the opportunity
to participate in other extracurricular programs, which may have introduced substitu-
tion bias into our experimental evaluation (Heckman and Smith 1995; Kline and Walters
2016). Another vexing possibility is that strong complementaries in the education produc-
tion function might generate an O-ring scenario (Kremer 1993) that makes learning about
the production function through experimentation difficult. This would also call for a “big
push” policy (Rosenstein-Rodan 1943) that locally searching over the policy space via an
RCT would be unlikely to uncover. At least in the first year, we encountered some tech-
nical issues with the e-learning technology. Such issues are likely particularly salient
in developing countries and could prevent technology adoption and experimentation by
schools.

Conclusion

Overall we do not find any impact of our interventions on cognitive or noncognitive skills
of the learners. Particularly for e-learning and mathematics in developing countries this
is in contrast to the existing literature (Bulman and Fairlie 2016; Escueta et al. 2020).
We also did not find any impact of the information intervention on investment behavior,
skill development, or expectations. Previous research on information interventions in de-
veloping countries is quite limited and successes might depend heavily on context. Re-
search also suggests that nudges do not necessarily scale or generalize well (DellaVigna
and Linos 2022). The drawing and storytelling interventions designed to stimulate cre-
ativity and motivation also did not show any effects even on measures highly aligned with
the intervention. We adjusted some of our outcomes measures over time in an attempt
to search over the outcome space for where the intervention might be showing impacts.
However, we are completely transparent in reporting impacts across all outcome mea-
sures considered in the study.

The results were disappointing to the team members, school district officials, and the
NGO Salt Payatas. However, a positive aspect of the study is that we have continued our

230ur reading of the literature is that other e-learning interventions offered similar duration of sessions
and interventions. However, some offered substantially more time inputs. This would be a good issue to
explore in a meta-analysis.
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collaboration with the school district and with Salt Payatas as we work to identify areas
where the research team can complement the efforts of local stakeholders through data
analysis and capacity building. We also conducted several novel interventions related to
drawing, storytelling, and examined complementaries between information and education
interventions. The research identified several potential bottlenecks including resource
constraints such as internet access. By reporting these results we hope to avoid publi-
cation bias on educational and information interventions in developing countries which
can distort the literature (Brodeur, Cook, and Heyes 2020; Chopra et al. 2024). Rigor-
ously conducted RCTs, regardless of findings, should be reported in the literature to give
a complete picture of the state of knowledge.
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