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A B S T R A C T

Primary school coverage has been increasing in most developing countries. Yet, it has not been accompanied by
significant improvements in learning indicators. We implemented a randomized experiment in Angola around
the introduction of ProFuturo, a worldwide educational program. The program includes a Computer-assisted
Learning (CAL) software directed at improving the regular classroom experience. One year after the program
started, we find higher familiarity with technology. Teachers miss fewer days of classes and implement better
teaching practices. Students become more interested in learning and pro-social. Finally, the program improves
students’ test scores but only in the most popular subject in the CAL platform.
1. Introduction

Human capital is widely considered to be vital for economic growth
and human development. This shared belief is illustrated by the fact
that, after the Millennium Development Goal of achieving universal
primary education, ensuring inclusive and equitable education quality
became one of the most prominent Sustainable Development Goals
of the United Nations. Indeed, policy makers of developing coun-
tries, NGOs, and international institutions have been primarily focused
on increasing school enrollment and attendance. However, learning
outcomes are still very low in many developing countries. In these
settings the main challenge is now to find effective ways to improve
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1 Glewwe et al. (2009) show that textbooks only help best-performing students in Kenya, where the educational system is geared towards elite students.

education quality, despite the limited availability of skills in the pop-
ulation (Hanushek and Woessmann, 2008). One possibility is to gear
the incentives of teachers and parents/students for higher school at-
tendance and better learning. A large literature has devoted attention
to incentives schemes, e.g., Duflo et al. (2012), Molina-Millán et al.
(2019). But the role of school inputs in the classroom should not be
disregarded.

While some attention has been devoted to classical school inputs tar-
geting equally all students in the classroom, these could be inadequate
to help strengthening education quality.1 Targeting more and better
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school inputs to those students lagging behind could be the way to go,
namely in settings where student heterogeneity is significant (Banerjee
et al., 2007). At the same time, computer technology enabled peda-
gogical methods to be more tailored to the specific needs of individual
students. Many programs have been trying to improve education qual-
ity in developing countries through the use of technology. However,
experimental evidence from various parts of the world reviewed by Es-
cueta et al. (2017) proves that simply providing schools with computers
is unlikely to improve children’s academic performance. Differently,
computer hardware combined with Computer-assisted Learning (CAL)
software has demonstrated clear positive impacts on student achieve-
ment, in particular when individual customization of contents is possi-
ble, e.g., Muralidharan et al. (2019). Important questions do however
remain about how to link these CAL programs to regular teachers
and classroom dynamics. In particular, involving teachers could help
a variety of outcomes including decreasing their absenteeism.2

In this paper, we assess the impact of the introduction of ProFuturo,
n innovative CAL program present in 38 countries of three conti-
ents, which has already reached more than 450,000 teachers and 12
illion children. Importantly, the package provided by the ProFuturo
rogram enables tailoring contents to individual student needs. How-
ver, two innovative features of the program stand out, which are
entral to the analysis and contribution of this paper. First, ProFuturo’s
ain objective is to help regular primary school teachers in their

ore teaching activities in the classroom, i.e., after significant teacher
raining, ProFuturo places teachers at the center of the program’s
xperience. Second, it promotes student interaction with teachers and
eers, namely through group work. Apart from the learning software,
roFuturo includes an equipment set composed by individual tablets,
hich link all students and the teacher in a classroom. We ask in this
aper whether the program is effective at familiarizing students and
eachers with technology while motivating and improving not only
eachers’ teaching but also students’ learning experience in all major
ontents of regular primary school. We also investigate the effects of
he implementation of ProFuturo on children’s cognitive skills.

The context of our study is the capital city of Luanda, Angola.3 An-
gola is a suitable illustration of an expanded but low-performing school
system. The Gross Enrollment Rate in Angola’s primary education grew
from an estimated 71% in 1998 to 113% in 2015. However, in 2014
its youth literacy rate was close to the average of Sub-Saharan African
countries, at 77% (World Bank, World Development Indicators, 2019).
Sizeable heterogeneity in students’ abilities within each classroom is
common. Hence, it is clear that the main challenge today in Angola,
like in other African countries, is to increase the quality of education.

We implemented a randomized field experiment to test the impact
of ProFuturo. From the 42 primary schools in Luanda that were selected
to receive ProFuturo, 21 were randomized to receive it in the beginning
of 2018 and 21 assigned to start using it in 2019. We employ a com-
prehensive set of measurements, including detailed school principal,
teacher, student, and household surveys, three rounds of systematic
observation of classes, student standardized tests in Mathematics, Por-
tuguese, and Science, as well as administrative data from schools and
the program.

Approximately a year after the program was introduced, we find
that it increases the levels of technology usage for both teachers and
students. Importantly, teachers’ motivation improves with ProFuturo.
Specifically, the program led to a reduction in teachers’ absenteeism.

2 A recent example is Beg et al. (2022). However, educational policies
nvolving teachers through peer guidance and through evaluation are generally
ffective (Jackson et al., 2014).

3 Angola is a low-income country with 30.8 million inhabitants in 2018. It
as maintained political stability since the end of the 27-year civil war in 2002.
owever, the country still faces substantial development challenges stemming
2

rom high dependency on oil and very high poverty rates. i
The point estimate is large when employing administrative data: less
0.59 standard deviations in days missed by teachers, which represents
a 51 percent reduction. Students also become more motivated, namely
towards Mathematics. Central to the program and to our analysis
are effects on teacher and student behaviors. Teachers improve the
quality of their class preparation and engage more often in active
teaching in the classroom. Students devote more time to reading, and
to shared time with their guardians using technology. Some evidence
also suggests more pro-social interaction between students, in line with
ProFuturo’s emphasis on students’ interaction and other-regarding be-
haviors. Finally, we observe in classrooms higher standards of teacher
knowledge. These effects of ProFuturo translate into improved students’
test scores in Science, which was the subject most frequently selected
to be taught under ProFuturo. We do not find any significant treatment
effects in students’ test scores of other subjects despite the centrality of
those contents in the design of ProFuturo.

Our paper relates to the literature on the use of computer technol-
ogy for educational purposes. The literature has shown that delivering
computer hardware to schools has not led to clear improvements in
test scores. This literature includes non-experimental but plausibly-
identified causal effects: Angrist and Lavy (2002) show impacts of a
lottery program in Israel, and Machin et al. (2007) analyze the impact
of ICT funding for English schools. Barrera-Osorio and Linden (2009)
show null results for a two-year RCT in Colombia. A critical determi-
nant of the extent to which these inputs give rise to better learning
outcomes could be how they interact with teachers and pedagogy in
the classroom.

Similar null results are found for the One Laptop per Child program
(OLPC), which allocates computers to students one-to-one, with an em-
phasis on home use. Beuermann et al. (2015) and Cristia et al. (2017)
provide comprehensive supporting evidence from OLPC experiments in
Peru in both the short and longer run, as well as rural and urban set-
tings. A large RCT in the US also finds precise but null effects of access
to computers at home on educational outcomes (Fairlie and Robinson,
2013). Employing a regression-discontinuity design, Malamud and Pop-
Eleches (2011) find negative effects on school grades of a voucher
program in Romania to purchase computers, despite improvements in
computer skills.4

One pedagogical approach that seems to have a role in student
achievement is Computer Assisted Learning (CAL). This includes mak-
ing hardware available to students along with a specific software
designed to develop particular skills. In some cases, this software may
adapt and respond to students’ learning needs. This approach may be
particularly relevant as schools in developing countries typically have
more than a grade per class, a large student–teacher ratio, and highly
heterogeneous students. There are promising results of this type of
interventions.

Banerjee et al. (2007) evaluate a CAL program in India that con-
sisted of Math games whose level of difficulty responded to students’
ability to solve them. These authors find large gains in test scores at
the end of one and two years of the program for all types of students.
Consistently, for a sample of American schools, Barrow et al. (2009)
find significant improvements in pre-algebra and algebra skills after
a targeted CAL program was implemented. These authors hypothesize
that the referred effects arise from increased individualized instruction
as impacts appear larger for students in larger classes. Indeed, it could
be that the individual tailoring of CAL programs is particularly im-
portant for their effectiveness. A series of experimental evaluations of
CAL in China have found modest positive impacts on learning. A likely
explanation is that the evaluated program employed technology that

4 The exception in this literature is the experimental evaluation of Mo
t al. (2013) which finds improvements in Math scores of migrant students
n Beijing.
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did not feature extensive individual customization (Yang et al., 2013;
Lai et al., 2013; Mo et al., 2014; Lai et al., 2015).

Muralidharan et al. (2019) evaluate a CAL program (Mindspark)
explicitly designed to customize pedagogy to the right level of students
in grades 6 to 9 in New Delhi, India. The program included an initial
screening test and an algorithm that constantly updated its information
about the student. It used a CAL system able to finely calibrate students’
competencies and tailor academic content to the corresponding level.
The study finds high impact in Math and Language skills, with larger
gains for the academically weaker students.

On a comprehensive evidence-based review of the impact of ed-
ucation technology, Escueta et al. (2017) identify that the majority
of programs that have positive results focused on improving Math
outcomes instead of Language. Some specific examples are Rouse and
Krueger (2004) for an early American program focusing on Language,
and Carrillo et al. (2011) for a more recent program in Ecuador with a
large contrast between Math and Language. The authors of the review
study also claim that the channel through which CAL is expected to
improve learning the most is by tailoring education to the needs of the
students and by providing immediate feedback to students.

One can argue that programs such as Mindspark may act as sub-
stitutes and not complements to teachers, not contributing directly to
student–teacher interactions.5 Escueta et al. (2017) claim that little is
known about how CAL programs interact with teachers’ efforts.6 Beg
et al. (2022) studied a program in Pakistan that consisted of video
lectures together with some suggestions of activities for the teacher to
implement in the classroom. The authors found that student achieve-
ment in Math and Science tests increased after four months of exposure
to the program. They found some evidence of complementarity between
school inputs: teachers using the program increased attendance and
spent more time preparing the lessons. In this case, however, the
program did not include individual student customization. And the
mixing of teacher implementation with individual customization could
be particularly promising: Berry et al. (2020) suggest that continuous
assessment of students and the teaching practices should be jointly
set.7 Another critique to CAL programs is related to the possibility of
decreasing interaction among peers. Araya et al. (2019) experimentally
evaluate an innovative technology program that uses gamification to
increase Math learning in low-performing primary schools in Chile.
Students improved learning outcomes but the program increased Math
anxiety and reduced students’ preferences towards teamwork.

We contribute to this literature by studying the impact of a highly
innovative program that combines three important components of suc-
cessful CAL programs: instruction tailored to students’ needs, the in-
clusion of teachers as the main intermediaries in the implementation
of the CAL – i.e., securing substantial interaction between teachers
and students –, and the possibility of undertaking activities in student
groups through the CAL package. We also focus on a developing setting
with implications for where in the world the most acute shortcomings
in education quality are present.

The remainder of this paper is organized as follows. Section 2
provides the context of our experiment and the details of the program.
Section 3 describes the design of the experiment, including of the

5 The recent study by Kerwin and Thornton (2021) in Uganda fleshes out
he importance of input complementarity in pedagogical interventions.

6 This is despite the fact that there is significant evidence of positive
mpacts of peer interaction and learning between teachers on student per-
ormance (Jackson and Bruegmann, 2009; Jackson et al., 2014; Papay et al.,
020).

7 Another study (Naslund-Hadley et al., 2014) focusing on an interactive
udio aid in Math for pre-school teachers in Paraguay has found positive and
ignificant improvements in standardized test scores. Jackson and Makarin
2018) show that middle-school teachers in the US integrate off-the-shelf
ath online content in their classes with realized improvements in student

erformance (particularly for the weaker teachers).
3

t

measurement. Section 4 explains the hypotheses and the identification
strategy. In Section 5 we present and discuss the results. Finally, we
conclude.

2. The ProFuturo program

The CAL program that we study in this paper, ProFuturo, is an
international program sponsored by Fundación la Caixa and Fundación
Telefónica in Spain. It is one of the largest digital education initiatives
in the world: it aims to target 25 million children in vulnerable areas
by 2030. By the end of 2017, 5.8 million children were beneficiaries
of the program. Today, ProFuturo is present in 38 countries in Latin
America, the Caribbean, Africa, and Asia, having trained more than
450,000 teachers and benefited 12 million children.

The main objective of ProFuturo is to ‘bridge the education gap in
the world by providing quality, digital education to children from vul-
nerable environments.’ To reach this goal, ProFuturo aims to improve
teachers’ expertise both at the technological and pedagogical levels,
and to promote learning by students through increased motivation,
as well as improved quality in classroom dynamics. At the center of
ProFuturo is the idea of a CAL tool that intends to be a complement, and
not a substitute for teachers in the classroom. ProFuturo takes teachers
as ‘the main learning activator.’

The program includes the distribution of suitcases which include
tablets, a computer for the teacher, and a projector. Each suitcase suits
roughly one classroom, with sufficient tablets for all students. This
technology may be easily implemented in the context of a developing
country, as batteries last for nine hours and its software runs only
offline. Each tablet is equipped with a software, produced on purpose
for ProFuturo.8 The software contents are engaging and interactive and
were approved by several educational partners, such as UNESCO and
Instituto Cervantes (Spain). They are adapted for different countries in
terms of language and cultural references.

While focusing on core educational contents at the primary level
employing international standards, the contents of the software pack-
age include lectures on Language (Portuguese), Mathematics, and Sci-
ence. Other more specific types of contents are also included, namely
on Technology and on Ethics and Citizenship (including contents on
social cohesion, the relationship with others and the community, rules
of conduct in school, among other topics). There are activities available
at the end of each module to test students on what they learned.
These activities give immediate feedback to students — praising them
when they give a correct answer and telling them to try again if
they make mistakes. The platform also allows teachers to have access
to the progress of students by giving them reports about students’
performance in activities performed within ProFuturo. Teachers can
then customize contents to be used according to the needs of individual
students. They can also create their own contents, which become
available together with the full repository of ProFuturo for didactic
contents.

Before implementation, ProFuturo trains school principals and teach-
ers in the schools where the program is introduced. Teachers are
trained according to their level of computer proficiency as perceived
by ProFuturo coordinators. Each training module directed to principals
typically lasts 5 hours; modules directed to teachers have the duration
of around 20 hours.

ProFuturo has been present in Angola since the end of 2015, in close
link with the Catholic Church and the Ministry of Education of Angola.
It was first introduced in Luena, Moxico province. At the end of our
project, it was present in 124 schools, involving 1208 teachers and
around 100,000 children in primary schools. These schools typically
serve children from disadvantaged socioeconomic neighborhoods in the
main cities of Angola.

8 The ProFuturo protocol implied that no other software was installed in
heir tablets.
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2.1. Program adoption in Luanda

We present more details on the ProFuturo program and its adoption
in Luanda at the time of our study in Section A of the Appendix.

The school principals that had ProFuturo introduced in their schools
decided on which classes received the treatment. The majority of
classes selected belonged to grades 4, 5, and 6, i.e., the highest grades
of primary school. Seventy-six percent of all classes in these grades
received the intervention.9

On average, the duration of a ProFuturo class, as reported by
chool principals, was 106 min. The number of times per week treated
tudents had a ProFuturo class was 1.2. Combining these two figures,
e can conclude that on average students from classes benefiting from
roFuturo were exposed to the program 132 min per week according to
rincipals. ProFuturo coordinators reported similar levels of exposure:
36 min per week, on average. Note however that these numbers apply
nly to students attending classes assigned to the program.

It is important to note that Science contents were the ones most
requently selected by teachers using the ProFuturo platform.10 Ad-

ministrative data provided by the ProFuturo platform reports that
40–44 percent of all activities performed using ProFuturo in 2018 and
2019 were in Science, followed by Portuguese (23–24 percent) and
Mathematics (16 percent). There was a clear emphasis on group work
and active participation of students in classroom activities.

3. Experimental design

In the end of 2017, ProFuturo selected 42 Catholic schools in
Luanda to be included in this study.11 In Angola, we have no evi-
dence that students in private or religious schools are systematically
different from those attending public schools.12 The randomization
procedure for the allocation of schools to treatment was implemented
following a stratified clustered design. After schools were paired based
on region and school characteristics,13 half of them were randomly
allocated to receive the ProFuturo program immediately (21 schools),
with the other half assigned to a control group which was promised to
receive the program following the end of the impact evaluation project
(approximately a year after the treatment group).

9 In the Online Appendix, Table A2, we show the differences in the
haracteristics of treated vs. untreated teachers, students, and guardians in the
roFuturo schools. We do not find clear signs of selection of treatment within
chools with the exception of baseline student performance, which appears to
e higher in treated classes.
10 In surveys of teachers implementing ProFuturo, the content in Science was
lso found to be most aligned with the Angolan curriculum, when compared
o other subjects.
11 See Figure A1 for a map with the geographic distribution of selected
chools in Luanda.
12 We employ a nationally representative household survey, collected by the
ational Statistics Office in Angola (IBEP,2008–2009), to assess differences
etween households with children attending public schools and children
ttending private or religious schools. In this survey, households corresponding
o 1051 students attending public schools and to 1050 attending private or re-
igious schools in Luanda were interviewed. We find no systematic differences
etween the two sub-samples when considering education of household head,
wnership of a house, of a cell phone, and of a computer, as well as access to
iped water and the internet.
13 The employed school characteristics included: number of students, num-
er of teachers, number of classrooms, average number of students per class,
aximum number of students per class, school access to electricity, safety

rom crime within the school, school access to internet, indicators of school
nfrastructure, and school staff knowledge of information technology.
4

3.1. Measurement

The structure of measurements in this project included: (i) baseline
and endline surveys at the school principal, teacher, student, and
student’s guardian levels; (ii) student cognitive tests; (iii) classroom
observation activities; (iv) administrative data from schools as well
as from Profuturo on students’ and teachers’ use of the ProFuturo’s
software package. Figure B1 in Appendix B depicts the timeline of the
measurements.

Surveys. The surveys we designed and conducted included face-to-
ace submission of questionnaires to all school principals and to all
eachers working in each school at the time of the interviews, as well
s to a random sample of students and their caregivers. This data
ollection effort started before the beginning of the intervention for
he baseline surveys, from November 2017 to March 2018, and for the
ndline surveys, 11 months later, from November 2018 to May 2019.14

The survey questionnaires targeting school principals included ques-
tions on their demographic and socioeconomic characteristics. They
also included a module on school management. The survey ques-
tionnaires targeting teachers were analogous. Beyond demographic
and socioeconomic questions, and importantly for our analysis, they
included questions on use of technology, motivation and attitudes
towards teaching, as well as time allocation. We also collected self-
reported information on teacher absenteeism.

We randomly sampled 60 students in the 4th, 5th, and 6th grades in
each school, stratified by class, for the students’ and guardians’ surveys.
The survey questionnaires targeting students included questions on
their ability to use technology, their motivation and attitudes towards
the school, as well towards learning in general and in specific subjects.
Students were also asked to report their absenteeism, and they were
subject to a test on their executive function, in particular a forward and
backward digit span test, in which the respondent is asked to repeat a
series of numbers read to him/her (Engle, 2002). The questionnaires
directed to students’ guardians included questions about demographic
and socioeconomic characteristics of the student’s household. They also
included questions on the guardian’s perception of teacher motivation,
his/her satisfaction with the school, as well as the student’s time
allocation when he/she is not in school.

Classroom observation. Our systematic classroom observation in-
volved the random selection of five classes within each school from
the 4th, 5th, and 6th grades to be observed. We implemented a class-
room observation questionnaire, to be answered by enumerators ob-
serving the delivery of classes by teachers in the classroom. This
was constructed using the ‘Stallings Classroom Snapshot Instrument.’
The Stallings instrument generates quantitative data describing the
activities performed by the teacher during the class and the type of
interaction between the teacher and students in the classroom. The
classroom observation effort entails the enumerator coding ten differ-
ent snapshots, using regular intervals of time, during each observed
class.15 To reduce possible subjectivity on observations, we deployed
two enumerators per classroom. At the end of each class observation,
enumerators reported their overall perceptions about the class, reg-
istering aspects such as perceived teachers’ mastery of the contents
being taught. We included three rounds of classroom observation in

14 At baseline, all teachers were surveyed before the academic year began,
while data on students, caregivers, and class observations were collected from
February to March 2018. At endline, close to half of the teachers and all
students from sixth grade and their caregivers were interviewed before the end
of the academic year (December 2018), while the remaining teachers, students,
and caregivers were interviewed in 2019. Grade 6 is the last grade in Angolan
primary schools: students who pass this grade and continue studying go on to
other (secondary) schools.

15 During the submission of the questionnaire, the enumerators were asked
to write down a brief description of the activity before coding each activity

according to the instrument.
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our measurement design, one shortly after the beginning of treatment
and two after approximately a year had passed from the introduction
of ProFuturo, with a few months in between.

Cognitive tests. As part of the implementation of the teachers’ sur-
veys, we included an assessment of teachers’ cognitive skills based on
the Survey of Adult Skills (PIAAC) - an international test developed
by the OECD, and adapted to the context of a developing country.
The test consisted of a reading comprehension question about a text
in Portuguese and three Math questions. In addition, we submitted
cognitive tests to students. We randomly selected six classes from
grades 4, 5, and 6 within each school to be submitted these tests. All
tests were constructed based on the materials of the learning initiative
Uwezo. This is a platform that conducts annual, large-scale, citizen-led,
household-based assessments that measure actual levels of children’s
literacy and numeracy. The platform targets children from Kenya,
Tanzania, and Uganda. The curricula of Portuguese, Mathematics, and
Science for each grade were also taken into account. The tests begin
with relatively easy questions and gradually become more difficult.

Administrative data. We collected administrative data from each
school on various dimensions of school operation.16 Since some of the
data we accessed were incomplete, we will dedicate particular attention
in the analysis that follows to the most complete dimensions of school
operation, which included the data on teacher absenteeism. Data from
ProFuturo’s software platform are also available to complement data
collected in the field. However, it is not possible to link these data
to individual data collected for the students (surveys and test scores)
due to no name identifiers being available in the ProFuturo platform
for data protection reasons. Still, we employ these data to formulate a
better understanding of the main activities and subjects studied through
the platform, as well as to construct a treatment variable at the level
of the classroom.17

All main outcome questions employed in our study are fully de-
scribed in Section C of the Appendix. We organize them by families of
outcomes. We begin with use of technology. We then list the outcomes
we employ to describe the levels of motivation by teachers, students,
and guardians. The time allocation of teachers, and the observed class
delivery are next. Subsequently, we take students’ time allocation,
behavior, and interactions at school. We finally depict the variables we
employ for cognitive skills of both teachers and students.

4. Hypotheses and estimation strategy

Our main hypothesis is that ProFuturo improves the classroom
experience of students in primary education leading to an improvement
in their skills.18 Various channels for these effects are at stake. These
are described as follows.

Hypothesis 1. The program increases the use of technology for teachers
and students.

Hypothesis 2. The program leads to an increase in the motivation
levels of teachers and students, which includes reducing absenteeism.

16 These included the number of teachers and students in each school, the
umber of classes and number of children per class, attendance of teachers
nd students, dropout and enrollment rates of students, national exam grades
at the time of the 6th grade), internal school grades, teacher evaluations, and
tudents’ discipline.
17 In addition, we implemented three behavioral activities to assess non-
ognitive behaviors. These measured: (i) children’s motivation with school
nd learning; (ii) altruism and pro-social behavior of children; and (iii)
eachers’ motivation with the school and teaching. However, we encountered
any problems when implementing these activities, and we found out that
articipation of students and teachers was not completely voluntary in some
chools. Therefore, we do not include these measures in the analysis.
18 For details on the proposed research design prior to data access, see
esearch design, June 2017.
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Hypothesis 3. The program leads to higher quality teaching by teach-
ers, including better preparation and delivery of classes.

Hypothesis 4. The program leads to an improved learning environment
for students, including more time devoted to learning at home and more
effective social interactions at school.

Hypothesis 5. The program improves the cognitive skills of teachers
and students.

We estimate the Intent-to-treat (ITT) effect of ProFuturo on our
broad set of outcome variables. The basic specification of the model
is:

𝑦𝑖𝑠 = 𝛼 + 𝛽ProFuturo𝑠 + 𝛿𝑦𝑖𝑠0 +𝑋′
𝑖𝑠𝛾 + 𝜖𝑖𝑠 (1)

here 𝑦𝑖𝑠 is the outcome of interest for individual 𝑖 in school 𝑠,
easured at the endline. Note that individual 𝑖 can be a teacher, a

tudent, or a student’s guardian. The variable ProFuturo𝑠 is a treatment
ndicator taking value 1 for schools which were assigned to receive
roFuturo and 0 otherwise. 𝑦𝑖𝑠0 is the baseline value of the depen-

dent variable. 𝑋𝑖𝑠 is a set of individual characteristics including strata
fixed effects, for either teachers, students, and/or students’ guardians
depending on the outcome at stake.19 𝜖𝑖𝑠 is an idiosyncratic error
term. To account for possible correlation in outcomes within schools,
the error term is clustered at the school level. If the auto-correlation
of the outcome variable is low, which is the case for most survey
outcomes, this ANCOVA specification maximizes statistical power in
field experiments (McKenzie, 2012).

Given that baseline values of the outcome variable are not available
for classroom observation data, we employ the following specification
when using the referred type of data:

𝑦𝑐𝑠 = 𝛼 + 𝛽ProFuturo𝑠 +𝑋′
𝑐𝑠𝛾 + 𝜖𝑐𝑠 (2)

where 𝑦𝑐𝑠 is the outcome of interest for classroom 𝑐 in school 𝑠. 𝑋𝑐𝑠 is
set of classroom characteristics including strata fixed effects, grade,

nd month of observation.
To assess whether the relatively small number of clusters (schools)

iases any of the results in terms of statistical confidence, we fol-
ow Athey and Imbens (2017), as well as Young (2019), and replicate
ll our hypothesis tests using randomization-based inference tests. In
andomization-based inference, uncertainty in estimates arises natu-
ally from the random assignment of the treatment, rather than from
ypothesized sampling from a large population. This method allows
stimating the exact 𝑝-value under the sharp null hypothesis that the
reatment effect is null, by calculating all possible realizations of a test
tatistic and rejecting if the observed realization in the experiment itself
s extreme enough — see Heß (2017).

In the results section we also check whether the main results of the
aper are robust to using the Post-Double Selection LASSO procedure
o select control variables.

19 Control variables are as follows. When analyzing outcome variables at
the level of the teacher: gender, age, age squared, indicator variables for
whether the respondent has at least 12 years of education, a professional or
technical degree, or university studies, and respondent’s month of interview.
When analyzing outcomes at the level of the student and the guardian:
students’ gender, age, and grade; an indicator variable on whether the student
has attended kindergarten, an indicator variable on whether the student has
failed at least one course in the past, and respondent’s month of interview.
When analyzing outcome variables at the level of the guardian, in addition
to the above: guardian’s gender, age, age squared, indicators variables for
whether the respondent has at least 9 years of education, or university studies,
and respondent’s month of interview, as well as number of members of the
household.
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5. Results

5.1. Descriptive statistics, balance, and attrition

We now turn to describing the baseline characteristics of teachers,
students, and students’ guardians. In the process, we also provide an
assessment of balance between treatment and control groups for the
referred traits.

The top panel of Table D1 in Appendix D shows descriptive statistics
on school teachers’ baseline characteristics. Forty percent of teachers
in the control group are women. They are on average 36 years old,
45 percent of them are married, and 74 percent have children. There
are no significant differences between the control and treatment group
in terms of teachers’ characteristics, including teaching experience,
house ownership, access to piped water and ownership of IT goods.
The exception is that teachers in the treatment group are 11 percentage
points more likely to have completed university studies.

The middle panel of Table D1 shows descriptive statistics on stu-
dents’ baseline characteristics. 53 percent of the sample is female and
the average student in the control group is 10 years old. Both age and
gender are balanced across comparison groups. However, we observe
differences across students in two dimensions, pointing in the same
direction. First, students from the treatment group are 3 percentage
points less likely to have attended kindergarten. They are also 4 per-
centage points more likely to have failed at least one course in the past.
There are no significant differences with respect to students’ baseline
test scores.20

The bottom panel of Table D1 shows descriptive statistics of stu-
ents’ guardians at the baseline. In both treatment and control groups,
round 56 percent of the interviewed caregivers are women. On aver-
ge guardians in the control group are 39 years old, while guardians in
he treatment group are significantly younger, by 1.2 years. Guardians
rom the treatment group are also 5 percentage points less likely to
ave completed university studies, from a baseline of 17 percent for the
ontrol group. In term of households’ wealth, on average 60 percent of
he caregivers own a house and 38 percent of them have piped water.
inety four percent of the sample owns a mobile phone, 26 percent has
ccess to internet at home, and 48 percent owns a computer.21 There

are no significant differences with respect to ownership of assets and
IT goods.22

Overall, we can conclude that our randomization procedure was
able to identify comparable groups, namely in terms of demographic
characteristics. Nevertheless, we found some statistically significant
differences between individuals in treatment and control schools. To
take these imbalances into account we apply Inverse Probability of

20 Figure D1 in the Appendix shows the distribution of Mathematics and
ortuguese test scores by grade. The figure confirms that the tests in both
ields of assessment performed well in capturing a wide range of achievement
ithin grades and across grades. As expected, the distributions move from the

ight to the left as students’ grades increase.
21 We employ the Demographic and Health Survey (DHS) data for Angola

2015–2016) to assess how our sample of households with children enrolled in
ourth to sixth grade in our sample of Catholic schools in Luanda compares to
hildren enrolled in the same grades regardless of the type of school. Numbers
n the DHS are comparable. About 44 percent of households surveyed in the
HS have access to piped water. Around 96 percent of households own a
obile phone, 36 percent have internet, and 30 percent a computer.
22 Note that sample averages for the guardians interviewed in the baseline
urvey should be taken with caution. We managed to interview 1070 care-
ivers from a targeted sample of 2520. Thus, it is possible that the averages
resented are not representative of the study population: guardians that were
nterviewed are likely to be more involved with the school. However, our
nalysis suggests that this sample selection did not translate into systematic
ifferences between treatment and control.
6

Treatment Weighting (IPTW) to the main results (see Section H in the
Appendix).23

5.2. Treatment effects

5.2.1. Use of technology
We now turn to our analysis of treatment effects. We begin our

analysis of outcome variables with measures of familiarity with tech-
nology for teachers and students. These are shown in Table 1. Column
1 is dedicated to frequency of computer use by teachers during classes.
Columns (2) to (4) refer to students’ outcomes. In particular, we analyze
students’ self-reported ability in performing sets of basic and advanced
activities employing a computer, and their desire to use more technol-
ogy at school. Column 5 is devoted to students’ use of technology at
home, as reported by their guardians.

Table 1 shows that teachers in treated schools employ computers
more frequently during their classes when compared to teachers in the
control group. The magnitude of the effect is 0.79 standard deviations,
significant at the 1 percent level. The exact 𝑝-value from randomization
inference is also lower than 1 percent. Students in treated schools report
being able to perform more basic activities (turn on/off a computer,
write, and open/close programs and applications) than students in the
control group. The size of this effect is 0.11 standard deviations, sig-
nificant at the 5 percent level and not significant using randomization
inference. We do not find any effect of ProFuturo on the advanced use
of technology, i.e., including performing searches in internet, saving a
file, and printing of documents. Students in treated schools are more
likely to report that they would like to use more technology at school.
The size of the effect is 2.5 percentage points and it is significant at the
1 percent level. The exact 𝑝-value is 0.025. Guardians also report an
increase in the use of technology at home by their children. The size of
this effect is 0.24 standard deviations, statistically significant at the 5
percent level. The randomization inference 𝑝-value is 0.08.

We validate Hypothesis 1, as we find evidence that both students
and teachers in ProFuturo schools are more likely to use technology, not
only at school, as is the case for teachers during the classes they teach,
but also at home, as is the case for students. Although schools had a
reasonable level of discretion on how to implement ProFuturo, this is
reassuring evidence that the program led to a wide range of effects on
behaviors and perceptions related to the use of technology.

5.2.2. Motivation and absenteeism
We now turn to measures of teacher and student motivation to-

wards the school, including absenteeism. Table 2 depicts results re-
lated to teachers. We employ outcomes from the schools’ administra-
tive data, from the teachers’ survey, from the guardians’ survey, and
from classroom observations. Specifically, we analyze the number of
days the teacher was absent (from administrative school records and
self-reported), the number of days the teacher arrived late to school
(self-reported), and teacher motivation (from the teachers’ survey, the
guardians’ survey, and the classroom observations’ data).

We find clear effects of the treatment on absenteeism from the
administrative data both for the month prior to the survey and for
the full academic year. The significance of these effects is confirmed
by self-reported survey data on missing days of classes. The effect

23 A note is also due on survey attrition. Table E1 in Appendix E presents
response rates in the teachers’, students’, and guardians’ surveys, when com-
paring baseline to endline. In the endline, attrition in the teachers’ survey
was 38 percent, while in the students’ survey it was 7 percent. In the
guardians’ survey the attrition rate was larger: in the endline we interviewed
44 percent of the baseline sample. Overall, attrition rates are not significantly
different between the treatment and the control groups. Appendix Table E2
shows balance tests on baseline characteristics for respondents surveyed at
the endline. Overall, the endline samples of teachers, students, and guardians

are very similar to the corresponding samples at baseline.
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Table 1
Use of technology.

Teachers’ survey Students’ survey Guardians’
survey

Frequency of
computer use

Index of
technology usage
– basic

Index of
technology usage
– advanced

Desire to use
more technology
at school

Time using
technology at
home

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

ProFuturo 0.786∗∗∗ 0.112∗∗ −0.029 0.025∗∗∗ 0.239∗∗

(0.087) (0.055) (0.061) (0.007) (0.090)
[0.000] [0.178] [0.762] [0.025] [0.077]

Observations 489 2314 2314 2307 631
R2 0.27 0.23 0.21 0.06 0.18
Mean (control group) 0.00 0.00 0.00 0.91 0.00

Note: Estimates based on OLS regressions. All columns present estimates using Eq. (1). The estimation sample in column (1) consists of teachers interviewed in the corresponding
endline survey; the estimation sample in columns (2)–(4) consists of students interviewed in the corresponding endline survey; the estimation sample in column (5) consists of
guardians interviewed in the corresponding endline survey. Depending on the column the dependent variables are defined as follows. (1) Frequency of computer use: variable
averaging a set of categorical variables measuring the frequency at which the teacher used a computer in each of the classes he/she taught during 2018. The question employed a
scale from 1 (Never) to 5 (Almost always or always). This variable is normalized, i.e., as a z-score. (2) Index of technology usage – basic: index variable averaging three indicator
variables for knowing how to turn on/off a computer, to write in a computer, and to open/close programs and applications. This variable is normalized, i.e., as a z-score. (3) Index
of technology usage – advanced: index variable averaging three indicator variables for knowing how to perform searches in the internet, to save a file, and to print documents.
This variable is normalized, i.e., as a z-score. (4) Desire to use more technology at school: indicator variable equal to 1 if the student agreed with the statement ‘I wish I could use
more computers or technology at school.’. (5) Time using technology at home: time allocated to play and study with technology at home. This variable is normalized, i.e., as a
z-score. All specifications include strata fixed effects. Column (1) includes teacher-level controls; Columns (2)–(4) include student-level controls; Column (5) includes guardian-level
controls. The full list of controls is presented in Section 4. Standard errors, reported in parentheses, are clustered at school level. *** p<0.01, ** p<0.05, * p<0.1. P-values from
randomization-inference tests are reported in brackets.
of ProFuturo on teachers’ absenteeism derived when employing the
administrative data is large: the program reduces the number of days
the teachers missed in the previous month by 0.59 standard deviations,
which represents a 51 percent reduction. This result is statistically
significant at the 1 percent level. The randomization inference 𝑝-value
is 0.05. We also observe that ProFuturo reduces the number of days that
teachers were absent during the complete school year by 0.43 standard
deviations (representing a 22 percent reduction), which is significant
at the 1 percent level (also when employing randomization inference).
Turning to the teachers’ surveys, ProFuturo reduces the number of days
that teachers reported to be absent by 0.09 standard deviations, which
is significant at the 5 percent level. The randomization inference 𝑝-
value is 0.11.24 Note that teachers in treated schools are more likely to
self-report to be late when arriving at school. This effect is significant at
the 10 percent level, and insignificant using randomization inference.
There are no significant differences in self-reported levels of motivation
or on the levels of teacher motivation reported by guardians. There is a
positive treatment effect of 0.28 standard deviations on the motivation

24 The estimation sample in columns 1 and 2 consists of teachers interviewed
n the baseline and for whom we have administrative records. The probability
f having administrative records is not significantly different between the
reatment and control groups. Overall, teachers tend to under report the
umber of days missing school. Administrative records show than on average
eachers in treated and control schools at baseline missed 5 days of school in
he month previous to the survey. Using self-reported data this average goes
own to 1 day. Self-report biases could explain the difference in treatment
ffects on days missed in the administrative relative to the survey data. For
larity, we include in the Online Appendix, the same regressions as in columns
1)-(4) of Table 2 but with the outcome variables expressed in days (Table
1). Beg et al. (2022) find positive but smaller effects on teacher attendance
n Pakistan, of 1 percentage point. Note, however, that the level of teacher
ttendance in the control group of that study is 94 percent, much larger than
n our setting, which is approximately 66 percent in our control group. In
ddition, the intervention in Beg et al. (2022), being based on videos, had
clear potential for substitutability with the teacher presence as mentioned

n their paper. This potential for substitutability was arguably higher than in
roFuturo, which was designed for submission by the teachers.
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of teachers reported by the enumerators that observed classroom teach-
ing in the final round. However, this is significant at the 10 percent
level, and not significant using randomization inference p-values.25

Table 3 presents results related to students’ and guardians’ motiva-
tion and their attitudes towards the school using data from the students’
and the guardians’ surveys, as well as classroom observations. Columns
(1) to (3) are dedicated to students’ survey data. Specifically, we
analyze whether students report a positive attitude towards the school,
whether they like Mathematics, and whether they like reading. Column
(4) is dedicated to guardians’ survey data, namely on guardians’ reports
about school satisfaction. Column (5) is dedicated to students’ survey
data, in particular to the number of days the student missed school.
Columns (6) and (7) are dedicated to data collected through classroom
observations on students’ motivation.

Students in treatment schools report they like Mathematics more
than in control schools. ProFuturo increased the likelihood students re-
port liking Mathematics by 1.6 percentage points, which is statistically
significant at the 1 percent level (at the 10 percent level using exact
p-values from randomization inference). We do not find significant
treatment effects on attitudes of students towards school or reading.
Turning to the guardians’ survey, we find a positive impact, of 17
percentage points, on reported overall school satisfaction. This effect
is significant at the 10 percent level but insignificant when employing
randomization inference. We do not find any treatment effect on stu-
dents’ absenteeism, i.e., on the number of school days missed. Finally,
when analyzing classroom observation data, namely from enumerators
assessments of students’ motivation, we do not report any significant
effects of ProFuturo.

We conclude that ProFuturo was effective at decreasing the ab-
senteeism of teachers and increasing their motivation, consistently
with Hypothesis 2. The effects on absenteeism are particularly clear.
Regarding students, we find that the program has some effects on
increasing their motivation, namely on having a more positive attitude
towards Mathematics.

25 The increasing motivation pattern for teachers could be related to in-
creased productivity with the program. Kerwin and Thornton (2021) find a
similar pattern.



Journal of Development Economics 164 (2023) 103145J. Cardim et al.
Table 2
Motivation. Teachers.

School administrative data Teachers’ survey Guardians’
survey

Class observation data

Number of days missing school Number of days Round 2 Round 3

(Previous
month)

(Academic
year)

Missing
school

Arriving late to
school

Teachers’
motivation

Teachers’
motivation

Teachers’ motivation

(1) (2) (3) (4) (5) (6) (7) (8)

ProFuturo −0.592∗∗∗ −0.430∗∗∗ −0.094∗∗ 0.179∗ 0.026 0.088 0.065 0.281∗
(0.166) (0.086) (0.045) (0.104) (0.059) (0.089) (0.107) (0.141)
[0.052] [0.004] [0.114] [0.217] [0.744] [0.478] [0.672] [0.141]

Observations 268 468 504 479 514 634 123 128
R2 0.66 0.62 0.06 0.16 0.10 0.10 0.12 0.15
Mean (control group) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Note: Estimates based on OLS regressions. Columns (1)–(6) present estimates using Eq. (1) and columns (7)–(8) present estimates using Eq. (2). The estimation sample in columns (1)–(2) consists of school records of teachers
on absenteeism; the estimation sample in columns (3)–(5) consists of teachers interviewed in the corresponding endline survey; the estimation sample in column (6) consists of guardians interviewed in the corresponding
endline survey; the estimation sample in columns (7)–(8) consists of classrooms observed in November 2018 (column 7) and in March 2019 (column 8). Depending on the column the dependent variables are defined
as follows. (1) Number of days missing school (previous month): number of days missing school, in the month previous to the survey. This variable is normalized, i.e., as a z-score. (2) Number of days missing school
(academic year): number of days missing school, in the academic year of 2018. This variable is normalized, i.e., as a z-score. (3) Number of days missing school: number of days missing school, namely in the month
previous to the survey. This variable is normalized, i.e., as a z-score. (4) Number of days arriving late to school: number of days arriving late to school, namely in the month previous to the survey. This variable is
normalized, i.e., as a z-score. (5) Teachers’ motivation: index averaging three variables measuring teachers’ motivation towards the school. The statements employed a 5-point Likert-type scale from 1 (strongly disagree) to
5 (strongly agree). The statements are the following: ‘I like to create my own content instead of following classes that are already prepared;’ ‘I am usually up to date with the latest pedagogical content,’ and ‘I usually
study at home the contents I will teach in class.’ This variable is normalized, i.e., as a z-score. (6) Teachers’ motivation: measures the degree of teachers’ motivation as reported by parents. It employs a 4-point scale from
1 (not motivated at all) to 4 (very motivated). This variable is normalized, i.e., as a z-score. (7) and (8) Teachers’ motivation: motivation of teachers in the classroom reported by the enumerators. These measures employ
a 5-point scale from 1 (not motivated at all) to 5 (very motivated), in round 2 and round 3, respectively. These variables are normalized, i.e., as z-scores. All specifications include strata fixed effects. Columns (1)–(5)
include teacher-level controls; column (6) includes guardian-level controls; columns (7)–(8) include classroom-level controls. The full list of controls is presented in Section 4. Standard errors, reported in parentheses, are
clustered at the school level. *** p<0.01, ** p<0.05, * p<0.1. P-values from randomization-inference tests are reported in brackets.
Table 3
Motivation. Students and guardians.

Students’ survey Guardians’
survey

Students’
survey

Class observation data

Round 2 Round 3

Positive
attitude
towards
school

Likes to study
Math

Likes to read Overall
school
satisfaction

Number of
days missing
school

Students’ motivation

(1) (2) (3) (4) (5) (6) (7)

ProFuturo 0.006 0.016∗∗∗ 0.004 0.169∗ 0.011 −0.077 0.218
(0.004) (0.006) (0.006) (0.100) (0.015) (0.188) (0.197)
[0.317] [0.052] [0.623] [0.182] [0.664] [0.757] [0.382]

Observations 2314 2314 2301 664 2284 123 128
R2 0.06 0.03 0.02 0.09 0.05 0.15 0.11
Mean (control group) 0.89 0.95 0.97 0.00 0.36 0.00 0.00

Note: Estimates based on OLS regressions. Columns (1)–(5) present estimates using Eq. (1) and columns (6)–(7) present estimates using Eq. (2). The estimation
sample in columns (1), (2), (3), and (5) consist of students interviewed in the corresponding endline survey; the estimation sample in column (4) consists of
guardians interviewed in the corresponding endline survey; the estimation sample in columns (6)–(7) consists of classrooms observed in November 2018 (column
6) and in March 2019 (column 7). Depending on the column the dependent variables are defined as follows. (1) Positive attitude towards school: index variable
averaging nine indicator variables that measure if students agreed with statements regarding their school satisfaction. The statements are the following: ‘I feel safe
when I am at school;’ ‘I feel I belong to this school;’ ‘It is easy for me to pay attention in class;’ ‘I usually ask questions out loud in class;’ ‘If I do not understand
something in class, I ask the teacher;’ ‘What I am learning in class will help me in the future;’ ‘I care about my grades;’ ‘It is not hard for me to interact with my
peers;’ ‘I like school.’. (2) Likes to study Math: indicator variable equal to 1 if the student agreed with the statement ‘I like Math.’ (3) Likes to read: indicator
variable equal to 1 if the student agreed with the statement ‘I like reading.’ This variable is normalized, i.e., as a z-score. (4) Overall school satisfaction: index
averaging four variables, namely indicator variables equal to 1 if the guardian got information from the school about: the student’s performance, the teacher’s
motivation, the teacher’s evaluation, and the school principal’s evaluation. (5) Number of days missing school: number of days the student reported to have missed
school in the two previous weeks before the survey. (6) and (7) Students’ motivation: motivation of students in the classroom reported by the enumerators. It
employs a 5-point Likert-type scale from 1 (not motivated at all) to 5 (very motivated), in round 2 and round 3 respectively. These variables are normalized, i.e.,
as z-scores. All specifications include strata fixed effects. Columns (1),(2),(3) and (5) include student-level controls; column (4) includes guardian-level controls;
columns (6)–(7) include classroom-level controls. The full list of controls is presented in Section 4. Standard errors, reported in parentheses, are clustered at the
school level. *** p<0.01, ** p<0.05, * p<0.1. P-values from randomization-inference tests are reported in brackets.
5.2.3. Teaching
We turn now to analyzing the quality of teachers’ preparation of

the classes they teach, their broader time allocation, as well as their
behavior in the classroom. Table 4 depicts treatment effects on a self-
reported teachers’ index of quality in preparing classes as well as
teachers’ self-reported allocation of time in a regular working week by
activity. Specifically, the class preparation index includes information
about whether the teacher has a plan of the subjects to teach during
the academic year, a book of class registries and summaries, and a
notebook in which they prepare classes. We also analyze teachers’
allocation of hours to teaching, planning teaching activities in school,
8

planning teaching activities at home, and undertaking administrative
tasks.

Related to teachers’ planning, we find that teachers in ProFuturo
schools become more careful about preparing their classes. The magni-
tude of this effect is 0.11 standard deviation units, significant at the 10
percent level, although not significant using randomization inference.
For a regular week, teachers report to spend more time teaching. The
effect magnitude is 5 percentage points, significant at the 10 percent
level, although not significant with randomization inference. There are
no statistical significant differences in time planning and undertaking
administrative activities.
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Table 4
Time allocation. Teachers.

Teachers’ survey

Time allocation by activity in a regular week

Quality of class
preparation index

Teaching Planning at
school

Planning at
home

Administrative
activities

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

ProFuturo 0.111∗ 0.046∗ −0.059 −0.041 0.014
(0.056) (0.024) (0.037) (0.039) (0.042)
[0.148] [0.227] [0.255] [0.466] [0.831]

Observations 511 513 479 500 370
R2 0.08 0.05 0.10 0.09 0.08
Mean (control group) 0.00 0.85 0.40 0.44 0.33

Note: Estimates based on OLS regressions. All columns present estimates using Eq. (1). The estimation sample in columns (1)–(5) consists of teachers interviewed
in the corresponding endline survey. Depending on the column the dependent variables are defined as follows. (1) Quality of class preparation index: index
variable averaging three indicator variables for the teacher having: a plan of the subjects to teach during the academic year, a book of class registries and
summaries, as well as a notebook in which he/she prepares classes. This variable is normalized, i.e., as a z-score. (2) Teaching: indicator variables equals to 1 if
the teacher allocated more than 5 h per week to teach. (3) Planning at school: indicator variable equals to 1 if the teacher allocated more than 5 h per week to
planning classes at school. (4) Planning at home: indicator variable equals to 1 if the teacher allocated more than 5 h per week to planning classes at home. (5)
Administrative activities: indicator variable equals to 1 if the teacher allocated more than 5 h per week to administrative work. All specifications include strata
fixed effects, and teacher-level controls. The full list of controls is presented in Section 4. Standard errors, reported in parentheses, are clustered at the school
level. *** p<0.01, ** p<0.05, * p<0.1. P-values from randomization-inference tests are reported in brackets.
Table 5
Observed class delivery.

Reading,
instruction and
discussion

Practice &
drill

Monitoring Knowledge

(1) (2) (3) (4)

Round 2

ProFuturo 0.009 0.001 0.065∗∗ −0.047
(0.023) (0.005) (0.032) (0.094)
[0.758] [0.830] [0.110] [0.708]

Observations 123 123 123 123
R2 0.20 0.47 0.33 0.29
Mean (control group) 0.14 0.02 0.16 0.00

Round 3

ProFuturo −0.001 0.012∗∗ −0.009 0.346∗∗

(0.033) (0.006) (0.031) (0.136)
[0.981] [0.096] [0.810] [0.072]

Observations 129 129 129 128
R2 0.23 0.22 0.15 0.32
Mean (control group) 0.20 0.00 0.23 0.00

Note: Estimates based on OLS regressions. All columns present estimates using Eq. (2). Estimation sample in columns (1)–(4)
consists of classroom-level observations in round 2 and round 3. Dependent variables in columns (1) to (3) represent the number
of times the two enumerators coded a certain activity during the whole class over the number of times the two enumerators
coincided in their coding. Depending on the column the dependent variables are defined as follows. (1) Reading, instruction
and discussion: proportion of times the teacher was involved in an activity in which he/she or the students were reading out
loud, were engaged in an activity consisting of instruction of academic content, or were involved in an academic discussion or
debate. (2) Practice & drill: proportion of times the teacher was dedicated to activities that were undertaken with the objective
of memorizing and practicing material such as multiplication tables, vocabulary or spelling words. (3) Monitoring: proportion
of times the teacher was involved in actively monitoring seatwork done by students and in monitoring students performing a
copying activity. (4) Knowledge: Degree to which the teacher in the observed class is ranked by enumerators as having a deep
knowledge of the subject being taught. These variables employ a 5-point Likert-type scale from 1 (very poor knowledge) to 5 (very
deep knowledge). This variable is normalized, i.e., as a z-score. All specifications include strata fixed effects, and classroom-level
controls. The full list of controls is presented in Section 4. Standard errors, reported in parentheses, are clustered at the school
level. *** p<0.01, ** p<0.05, * p<0.1. P-values from randomization-inference tests are reported in brackets.
Table 5 shows results from the second and third rounds of the class-
room observation data. Specifically, columns (1) to (3) show results on
teacher allocation of time during class. We analyze teachers’ allocation
of time in the classroom to reading, instruction, and discussion, to prac-
tice and drill, and to monitoring. Column 4 is dedicated to knowledge
of the subject shown by teachers during the classes as observed by
enumerators.
9

In the second round of observations, there are no significant treat-
ment effects except for a positive effect on time allocated to monitoring.
Teachers in the treatment group allocate 6.5 percentage points more
time to that activity, which is significant at the 5 percent level (the
exact 𝑝-value from randomization inference is 0.11). In the third round
of classroom observations, we find clear treatment effects on expanding
time allocated to practice and drill, and on increasing knowledge shown
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Table 6
Time allocation. Students.

Guardians’ survey

Time allocation by Shared time
activity in a regular week between guardians

and their children

Reading Studying Playing Using
technology

Studying

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

ProFuturo 0.233∗∗∗ 0.099 0.161∗∗ 0.134∗ 0.045
(0.075) (0.071) (0.062) (0.069) (0.045)
[0.048] [0.372] [0.056] [0.173] [0.476]

Observations 596 655 658 664 664
R2 0.09 0.12 0.21 0.18 0.13
Mean (control group) 0.00 0.00 0.00 0.00 0.00

Note: Estimates based on OLS regressions. All columns present estimates using Eq. (1). The estimation sample in columns (1)–(5)
consists of guardians interviewed in the corresponding endline survey. Depending on the column the dependent variables are
defined as follows. Columns (1)–(3) regard variables describing the time allocated by the student to different activities in a
regular week. Each of those variables employs a 4-point Likert-type scale defined from 1 (30 min or less) to 4 (2 or more hours).
The activities are the following. (1) Reading: time spent reading. This variable is normalized, i.e., as a z-score. (2) Studying: time
spent studying. This variable is normalized, i.e., as a z-score. (3) Playing: time spent playing. This variable is normalized, i.e., as
a z-score. Columns (4)–(5) concern variables depicting the activities performed during the time spent together by guardians and
their children in the previous month before the survey. Each of those variables employs a 4-point Likert-type scale defined from 1
(never or almost never) to 4 (everyday). The activities are the following. (4) Using technology: time devoted to using technology.
This variable is normalized, i.e., as a z-score. (5) Studying: time devoted to doing homework. This variable is normalized, i.e.,
as a z-score. All specifications include strata fixed effects, and guardian-level controls. The full list of controls is presented in
Section 4. Standard errors, reported in parentheses, are clustered at the school level. *** p<0.01, ** p<0.05, * p<0.1. P-values
from randomization-inference tests are reported in brackets.
during the classroom observation. The magnitudes of the effects are
1.2 percentage points and 0.35 standard deviations respectively, both
significant at the 5 percent level. The corresponding exact p-values are
0.1 and 0.07.

We conclude that ProFuturo induced some changes in line with Hy-
pothesis 3. Specifically, we find higher quality in teachers’ preparation
of their classes, which translates into more time devoted to teaching as
reported by teachers. Looking at observed classroom activities, we find
short-term effects on increasing passive teaching (e.g., monitoring),
perhaps as compensation for classes employing ProFuturo teaching.26

However, these short-term effects do not last and are substituted by
positive effects on active teaching, namely through practice and drill,
and on improved knowledge of the subject taught in the last round of
class observations.27

5.2.4. Students’ time, behavior, and interactions
We now consider students’ allocation of time to various activities

at home as reported by guardians interviewed in the corresponding
endline survey, as well as students’ behavior and interactions with their
teachers and peers at school. Table 6 shows results on students’ alloca-
tion of time. We analyze in particular the time allocated by students
to reading, studying, and playing in a regular week. We also devote
attention to how the shared time between guardians and their children
is spent, namely on activities using technology and on studying.

26 We could observe in ProFuturo classes that there was no time devoted
o monitoring copying activities (see Table A3 in Appendix A). A possibility
s that, outside ProFuturo classes, teachers could be giving students some
aterial for them to take home, given that they do not take anything home

fter ProFuturo classes.
27 Table F2 in Appendix F shows results on teacher allocation of time during
lass observation broken down by activity. Specifically, we analyze teachers’
llocation of time in the classroom to reading, instruction, discussion, practice
nd drill, monitoring seatwork, monitoring copying, disciplining, managing the
lassroom, being off-task, and being absent. In addition to the results shown in
able 5, the only treatment effect is on increasing time allocated to managing
he classroom in the third round. The magnitude of the effects is 3.7 percentage
oints, significant at the 5 percent level. The exact 𝑝-value is 0.07.
10
Students in the ProFuturo schools spend 0.23 standard deviations
more time reading and 0.16 standard deviations more time playing.
Results are significant at the 1 percent and 5 percent levels, respec-
tively. The corresponding randomization inference p-values are 0.05
and 0.06. It is possible that these changes compensated for decreased
time working to help the family. Regarding the time treated guardians
and their children spend together, it is more likely to be spent using
technology, by additional 0.13 standard deviations, when compared to
control individuals. This result is significant at the 10 percent level but
not significant using exact p-values. There are no differences regarding
time devoted to studying (by students alone or together with their
guardians).

In Table 7 we report our results on students’ behavior and in-
teractions with their teachers and peers at school, while employing
data from students’ surveys. Specifically, we analyze a measure of
students’ self-reported altruism, students’ perceptions about the level of
collaboration among themselves, and their beliefs about whether they
have many friends at school.

We observe a positive treatment effect of 2.4 percentage points,
significant at the 5 percent level, on the measure of students’ altruism.
This result is significant at the 10 percent level using randomization in-
ference. Students from treatment schools are 2 percentage points more
likely to have received help from other students, which is statistically
significant at the 5 percent level, but not significant when looking
at exact p-values from randomization inference. This effect does not
translate to having more friends at school.28

Overall, we find some patterns consistent with Hypothesis 4. Our
findings imply positive effects of ProFuturo on time devoted to reading
by students and on shared time with their guardians using technol-
ogy, possibly playing games. They are also suggestive that ProFu-
turo induces some movement towards pro-social interaction between
students.

28 We find a positive correlation between students’ behavior and interactions
with their teachers and peers at school and students’ performance within
treated schools at the endline, namely for the best students. This is shown
in Table F3 in Appendix F. It is suggestive that teamwork could work with the
rest of ProFuturo in a complementary way.
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Table 7
Students’ behavior and interactions at school.

Students’ survey

Students’
altruism

Students get help
from peers

Students have
friends at school

(1) (2) (3)

ProFuturo 0.024∗∗ 0.021∗∗ 0.003
(0.009) (0.010) (0.010)
[0.086] [0.139] [0.852]

Observations 2307 2314 2314
R2 0.04 0.05 0.08
Mean (control group) 0.89 0.85 0.76

Note: Estimates based on OLS regressions. All columns present estimates using Eq. (1). The estimation sample consists of students
interviewed in the corresponding endline survey. Depending on the column the dependent variables are defined as follows. (1)
Students’ altruism: Indicator variable equal to 1 if the student identifies with the statement ‘I am similar to students that like to
share with others.’. (2) Students get help from peers: indicator variable equal to 1 if the student agreed with the statement ‘My
peers help me in class if I need.’. (3) Students have friends at school: indicator variable equal to 1 if the student agreed with the
statement ‘I have many friends at school.’. All specifications include strata fixed effects, and student-level controls. The full list
of controls is presented in Section 4. Standard errors, reported in parentheses, are clustered at the school level. *** p<0.01, **
p<0.05, * p<0.1. P-values from randomization-inference tests are reported in brackets.
Table 8
Cognitive skills. Teachers.

Teachers’ survey

Cognitive tests Self-assessment

Portuguese Math Overall Portuguese Math Science

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

ProFuturo −0.213∗∗∗ −0.139 0.060 0.078 0.045 0.128∗∗

(0.065) (0.083) (0.048) (0.068) (0.065) (0.063)
[0.026] [0.199] [0.410] [0.439] [0.596] [0.178]

Observations 491 491 508 463 441 412
R2 0.13 0.19 0.17 0.12 0.19 0.13
Mean (control group) 0.00 0.00 0.00 0.00 0.00 0.00

Note: Estimates based on OLS regressions. Columns (1)–(6) present estimates using Eq. (1). The estimation sample in columns
(1)–(6) consists of teachers interviewed in the corresponding endline survey. Depending on the column the dependent variables
are defined as follows. (1) Portuguese: Score of teachers’ Language test. This variable is normalized, i.e., as z-score. (2) Math: Score
of teachers’ Mathematics test. This variable is normalized, i.e., as a z-score. (3) Overall: Variable depicting teachers’ self-reported
assessment of their overall performance. It employs a 5-point Likert-type scale from 1 (Very bad) to 5 (very good). This variable is
normalized, i.e., as a z-score. (4) Portuguese: Variable depicting teachers’ self-reported assessment of their Language performance.
It employs a 5-point Likert-type scale from 1 (Very bad) to 5 (very good). This variable is normalized, i.e., as a z-score. (5) Math:
Variable depicting teachers’ self-reported assessment of their Mathematics performance. It employs a 5-point Likert-type scale from
1 (Very bad) to 5 (very good). This variable is normalized, i.e., as a z-score. (6) Science: Variable depicting teachers’ self-reported
assessment of their Science performance. It employs a 5-point Likert-type scale from 1 (Very bad) to 5 (very good). This variable
is normalized, i.e., as a z-score. All specifications include strata fixed effects, and teacher-level controls. The full list of controls
is presented in Section 4. Standard errors, reported in parentheses, are clustered at the school level. *** p<0.01, ** p<0.05, *
p<0.1. P-values from randomization-inference tests are reported in brackets.
5.2.5. Cognitive skills
In Tables 8–9, we show treatment effects on outcomes related to

teachers and students’ cognitive skills. In the case of Table 8, we ana-
lyze treatment effects on the performance of teachers in standardized
test scores following PIAAC (columns 1 and 2) and on their knowledge
self-assessment (columns 3–6).

We find that teachers in the treatment group have lower perfor-
mance in standardized test scores assessing knowledge of Portuguese.
The magnitude of this effect is −0.21 standard deviations, statistically
significant at the 1 percent level (also significant but at the 5 percent
level when using randomization inference). A possible interpretation
for this counter-intuitive result is related to the fact that the Pro-
Futuro platform was set up in Brazilian Portuguese which is quite
different from the Portuguese commonly used in Angola. We do not
find significant treatment effects on teachers’ performance in standard-
ized test scores assessing their knowledge of Mathematics. In terms
of self-assessment, we see no effects regarding overall self-assessment
11
or specific self-assessments in Portuguese or Mathematics, but there
is a positive treatment effect of 0.13 standard deviations in the self-
assessment of knowledge in Science, significant at the 5 percent level,
but insignificant when employing randomization inference.

Table 9 is dedicated to the analysis of treatment effects on outcomes
related to students’ cognition. Specifically, we study impacts on stu-
dents’ scores in the memory for digit span test and in standardized test
scores.

We find a positive treatment effect on the standardized test scores
in Science. The size of this effect is 0.07 standard deviations, significant
at the 5 percent level. We also encounter statistical significance when
employing randomization inference (the exact 𝑝-value is 0.07).29 We

29 Consistently, we show in Table F4 of the Online Appendix, that there is
a significantly positive correlation between the number of months of exposure
to Science contents under ProFuturo and the test scores in Science.
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Table 9
Cognitive skills. Students.

Students’ survey

Test scores

Digit span Portuguese Math Science

(1) (2) (3) (4)

ProFuturo 0.038 −0.003 −0.011 0.073∗∗

(0.048) (0.061) (0.062) (0.027)
[0.606] [0.975] [0.895] [0.067]

Observations 2314 1008 1008 1008
R2 0.15 0.25 0.39 0.39
Mean (control group) 0.00 0.00 0.00 0.00

Note: Estimates based on OLS regressions. All columns present estimates using Eq. (1). Estimation sample in columns (1)–(4)
consists of students interviewed in the corresponding endline survey. Depending on the column the dependent variables are
defined as follows. (1) Digit span: Score of the memory for digit span test. This variable is normalized, i.e., as a z-score. (2)
Portuguese: Score of students’ Language test. This variable is normalized, i.e., as a z-score. (3) Math: Score of students’ Mathematics
test. This variable is normalized, i.e., as a z-score. (4) Science: Score of students’ Science test. This variable is normalized, i.e.,
as a z-score. All specifications include strata fixed effects, and student-level controls. The full list of controls is presented in
Section 4. Standard errors, reported in parentheses, are clustered at the school level. *** p<0.01, ** p<0.05, * p<0.1. P-values
from randomization-inference tests are reported in brackets.
do not find any significant effects on other subjects.30 We note that our
study relates to a relatively low intensity treatment over a relatively
short time window. Still other comparable studies in terms of intensity
and duration find significant effects on students’ test scores.31

Teachers report higher levels of knowledge in Science, which is
consistent with higher test scores by students in that subject. This may
be explained by the fact that this is the subject most frequently selected
in classes employing Profuturo. See Section A in the Online Appendix
for further details of content adoption. We do not observe clear changes
in other subjects. Hence, the evidence in favor of Hypothesis 5 is not
systematic.32

5.3. Aggregation of outcomes

In order to address the risks posed by the analysis of multiple
outcomes, we now devote attention to aggregating the outcomes we
analyzed in detail in the previous section. We bundle outcomes in
indices that are built using the procedure detailed in Kling et al. (2007).
We then calculate within-sample z-scores for each individual outcome,
employing the mean and the standard deviation of the control group.
Subsequently, we obtain the unweighted average z-score for each set of
outcomes. In order to aggregate outcomes defined at different units of
analysis, i.e., at the level of the teacher, student, guardian, and class,
we construct indices at the school and grade level. This means that
we take a low number of observations in the regressions that follow,

30 Six randomly selected classes in each school performed the student tests.
e consider the endline survey sample of students for which we have test

cores data. We do not have evidence of significant treatment effects on
hether students took the test. Table F5 in Appendix F shows treatment effects
n students’ self-assessment in Portuguese and Mathematics, and on students’
bility to estimate their own performance. In Portuguese, students are 4.1
ercentage points more likely to correctly estimate their performance, and 5.6
ercentage points less likely to overestimate it, significant at the 10 percent
evel and at the 1 percent level, respectively.
31 This is the case of Beg et al. (2022) and Banerjee et al. (2007). Other
elevant studies that have higher intensity (and sometimes higher duration)
re Muralidharan et al. (2019), Naslund-Hadley et al. (2014), and Araya et al.
2019).
32 If one does not value the finding in Science stemming from the low

ntensity ProFuturo treatment, it is possible that the differences in context
nd involvement of teachers of ProFuturo in Angola could explain the less
ystematic results when comparing to the more established literature on
xtracurricular CAL, which reports clear test score effects (Banerjee et al.,
007; Muralidharan et al., 2019).
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meaning that this is a very conservative exercise. Specifically, we
consider indices on: Students’ technology use, built from outcomes in
columns (2)-(5) of Table 1; Teachers’ absenteeism and motivation, built
from outcomes in columns (2)-(8) of Table 2; Students’ absenteeism and
motivation, built from outcomes of Table 3; Teachers’ time allocation:
built from the outcomes in Table 4; Observed class delivery: built from
outcomes in Table 5; Students’ time allocation: built from the outcomes
in Table 6; Students’ behavior and interactions at school: built from the
outcomes of Table 7; Teachers’ cognitive skills: built from the outcomes
in Table 8; and Students’ cognitive skills: built from the outcomes in
Table 9.

Fig. 1 shows treatment effects analogous to the ones shown in
the previous section on the aggregate indices we described above.
Confidence intervals are built using statistical significance at the 5
and 10 percent levels.33 In face of the standardization of outcome
variables embedded in the procedure we adopted, all treatment effects
are expressed in standard deviation units.

We find significant treatment effects of ProFuturo in teachers’ absen-
teeism and motivation, and teachers’ time allocation. The magnitudes
of these effects are 0.11 and 0.15 standard deviations, significant at
the 10 or 5 percent levels when employing exact p-values. We find
effects on students’ technology use, their absenteeism and motivation,
their time allocation, and their behavior and interaction at school.
However, these are not robust to randomization inference. We do not
find significant effects on the remaining aggregates.

5.4. Local average treatment effects

Because not all students and teachers within ProFuturo schools were
actually treated, it is important to ask whether our ITT effects differ
from actual treatment effects. We focus on Local Average Treatment
Effects (LATE) provided the plausible identification strategy offered by
employing the binary variable defined by the initial assignment of Pro-
Futuro to schools as an instrument variable. We employ two versions
of actual treatment at the class level: the first employs reports from
principals at the school level; the second is built from the ProFuturo

33 Appendix F includes the table corresponding to this graph.
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Fig. 1. Main treatment effects - aggregated outcomes employing z-scores.
Note: All estimates are based on OLS regressions using Eq. (1), except estimates on Observed class delivery which are based on an OLS regression employing Eq. (2). Outcomes
are grouped in indices that are built using the procedure in Kling et al. (2007). We calculate school-grade means for each individual outcome and we compute within-sample
z-scores for each school-grade outcome, employing the mean and the standard deviation of the control group. We then obtain the unweighted average z-score for each category.
The indices are defined by the following outcomes: (1) Students’ technology use: built from outcomes in columns (2)-(5) of Table 1; (2) Teachers’ absenteeism and motivation: built
from outcomes in columns (2)-(8) of Table 2; (3) Students’ absenteeism and motivation: built from outcomes of Table 3; (4) Teachers’ time allocation: built from the outcomes in
Table 4; (5) Observed class delivery: built from the outcomes in Table 5; (6) Students’ time allocation: built from the outcomes in Table 6; (7) Students’ behavior and interaction
at school: built from the outcomes of Table 7; (8) Teachers’ cognitive skills: built from the outcomes in Table 8; (9) Students’ cognitive skills: built from the outcomes in Table 9.
All specifications employed include grade and stratum fixed effects. Confidence intervals are built using statistical significance at the 5 and 10 percent level. Standard errors are
clustered at the school level.
platform data.34 We show the LATE estimation for our main aggregate
outcomes in Fig. 2.35

We find qualitatively similar effects when comparing the LATE
(built from schools’ reports or the ProFuturo platform) with the ITT
effect of ProFuturo. Statistical significance is achieved for a wider set
of outcome variables and effect magnitudes are comparable, although
expectedly larger for the LATE. In the Online Appendix, Tables F7 and
F8 we show the LATE for each individual outcome variable in the
main tables of the paper and find the same pattern.36 We conclude that
selection of treatment within treated schools did not imply dramatic
consequences over estimates of the impact of ProFuturo.37

34 Both these data sources have imperfections. The first is gathered from
eports in two points in time. The second does not include two treatment
chools, which do not have platform data available, and has limitations in
he ability to match classes.
35 Since the results employing the data from the ProFuturo platform are very
imilar to ones employing the schools’ reports, we leave the version employing
he schools’ reports to the Online Appendix, Figure F1.
36 In Tables F9 and F10 of the Online Appendix, we also show impacts of

reatment intensity on the individual outcome variables. Treatment intensity
s measured as number of months treated, employing both the reports from
rincipals and the ProFuturo platform. We find the sign and the statistical
ignificance of intensity to be comparable to the ones found in our main
stimates.
37 In Appendix F, Table F11, we also show estimates of the treatment on

he treated effect for teacher-level outcomes employing platform data for both
reated and control schools, as for control teachers we use treatment data
rom 2019, after our experiment finished. Results are again comparable when
onsidering the ITT.
13
5.5. Additional results and robustness

We now mention a few additional results and robustness that com-
plement our main analysis in this paper. We first devote some attention
to the distinction between motivation and monitoring in driving the im-
pact on teachers, namely in terms of their absenteeism. To draw some
light into these mechanisms, beyond our direct evidence on motivation
of Table 2, we estimate heterogeneous effects of ProFuturo employing
the share of ProFuturo teachers in each school. The hypothesis would
be that faced with a lower share of treated teachers in the school,
treated teachers would be more monitored. These results are shown
in Table F12 of the Online Appendix. We find no clear evidence of
significant interaction effects, i.e., of potential monitoring pressures, ex-
cept when considering the self-reported measure of absenteeism, which
could be more prone to bias. The same pattern arises when estimating
the conditional correlation between visits by ProFuturo coordinators
and absenteeism. This is shown in Table F13 in the Online Appendix.38

Second, we conduct a few robustness exercises, namely relating to
the choice of control variables for teachers, students, and guardians, to
the comparability of the treatment and control schools (by applying
a weighting exercise), and to additional multiple hypothesis testing.
Specifically, in Section G of the Appendix we show the replication of

38 We also estimate heterogeneous effects of ProFuturo on teachers’ outcome
variables, employing the level of teachers’ cognitive skills at the baseline.
These results are shown in Table F14 of the Online Appendix. We find no
clear evidence of significant and negative interaction effects, which implies we
do not have supportive evidence in favor of substitutability between teachers’

quality and ProFuturo.
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Fig. 2. Local average treatment effects - aggregated outcomes employing z-scores. ProFuturo platform.
Note: All estimates are based on Two-stage Least Squares where treatment assignment at the school level is used as an instrument for the rate of treatment of classes at the grade
level. Data from the ProFuturo platform is used to assess which classes where treated. Outcomes are grouped in indices that are built using the procedure in Kling et al. (2007). We
calculate school-grade means for each individual outcome and we compute within-sample z-scores for each school-grade outcome, employing the mean and the standard deviation
of the control group. We then obtain the unweighted average z-score for each category. The indices are defined by the following outcomes: (1) Students’ technology use: built from
outcomes in columns (2)-(5) of Table 1; (2) Teachers’ absenteeism and motivation: built from outcomes in columns (2)-(8) of Table 2; (3) Students’ absenteeism and motivation:
built from outcomes of Table 3; (4) Teachers’ time allocation: built from the outcomes in Table 4; (5) Observed class delivery: built from the outcomes in Table 5; (6) Students’
time allocation: built from the outcomes in Table 6; (7) Students’ behavior and interaction at school: built from the outcomes of Table 7; (8) Teachers’ cognitive skills: built from
the outcomes in Table 8; (9) Students’ cognitive skills: built from the outcomes in Table 9. All specifications employed include grade and stratum fixed effects. Confidence intervals
are built using statistical significance at the 5 and 10 percent level. Standard errors are clustered at the school level.
the main results of the paper while employing the Post-double Selec-
tion LASSO procedure for selecting the referred control variables.39 In
Section H of the Appendix we describe how we construct the inverse
probability weights to correct for sample imbalance at baseline and
show the replication of the main results of the paper while applying
IPTW.40 Results applying Post-double Selection LASSO and IPTW are
comparable to our benchmark findings. In Section I of the Appendix
we report p-values of the procedure described in Romano and Wolf
(2016), which we employ to account for multiple hypothesis at the
table level for Tables 1–9. This is an alternative to the outcome aggre-
gation procedure we applied above. Overall, as expected, the p-values
estimated through Romano-Wolf for our individual treatment effects
increase. Still, statistical significance is maintained primarily for use of
technology, teachers’ absenteeism, students’ time allocation, students’
interaction at school, and marginally for cognitive skills.

6. Concluding remarks

ProFuturo is a technology-assisted learning program, which features
both hardware and software enabling the teaching of all contents of
primary school. To date, ProFuturo has reached 12 million children in
38 countries. Like other programs studied in the literature, it adapts

39 We do not apply LASSO to the analysis done using the classroom
bservation questionnaire as there we have very few control variables.
40 We do not apply IPTW to the analysis done using the classroom observa-

ion questionnaire as we have very few control variables to construct weights
t the class level.
14
content delivery to individual student needs. ProFuturo comes with two
clear innovations. First, it places teachers at the center of the learning
experience, as they are the ones managing the delivery of the pro-
gram in the classroom. This implies the delivery of significant teacher
training. Second, ProFuturo incentivizes interaction in the classroom,
between teacher and students, as well as between students.

We implemented a randomized impact evaluation of the ProFuturo
program in Luanda. Despite the short time window of our program
evaluation, in some cases of less than one year from the beginning
of treatment to endline measurements, and a relatively low intensity
of weekly exposure to the program, we are able to identify some
encouraging findings. First, we observe direct effects on familiarity
with technology by both teachers and students. Second, we report on
increased motivation of teachers, illustrated by a clear decrease on
the number of days teachers missed school. Some evidence suggests
that teachers improved class preparation and active classroom teaching,
while students became more interested in reading at home and engaged
in more altruistic interactions at school. Although we do not find
significant impacts on test scores in Portuguese or Mathematics, we find
positive effects of ProFuturo on students’ test scores for Science, which
was the subject most frequently selected under the ProFuturo platform
in our setting.

Note that the estimated cost of the ProFuturo program in Angolan
schools is approximately USD 2230 per school per year, which corre-
sponds to USD 3 per student in our treatment schools, and to USD 7 per
student in the targeted grades of our treatment schools. This cost can

be restated as cost-effectiveness: USD 10 per increase in 0.1 standard
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deviations in a student’s test score (Science).41 The referred cost covers
basic support activities, training of coaches (coordinators) and lead
teachers, monitoring and follow-up. It also includes the equipment
costs, assuming a 6-year lifetime. This cost estimate per student places
the ProFuturo program in the lower half (McEwan, 2015) and close to
the median in terms of cost-effectiveness (McEwan, 2015; Mbiti et al.,
2019) of comparable interventions in schools of developing countries.

It will be important to extend this research to check whether the
effects we encounter could mediate broader and stronger effects on
student cognition in the medium to long term. These could lead the way
to a clear agenda on education policy in developing countries towards
employing technology side by side with training teachers, enabling
effective and wide-ranging skill development of children in primary
schools.
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