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A B S T R A C T

We provide evidence from a randomized controlled trial on the effectiveness of a novel, 100-percent online
math tutoring program, targeted at secondary school students from highly disadvantaged neighborhoods.
The intensive, eight-week-long program was delivered in groups of two students during after-school hours,
mostly by qualified math teachers. The intervention significantly increased standardized test scores (+0.26
SD) and end-of-year math grades (+0.49 SD), while reducing the probability of repeating the school year. The
intervention also raised aspirations, as well as self-reported effort at school. The two-on-one design allows
us to significantly reduce costs and improve scalability, while showing similar results as one-on-one tutoring
programs.
1. Introduction

Intensive, in-person tutoring in one-on-one and small group settings
has been shown to have substantial positive effects on learning at
moderate cost (Nickow et al., 2020). The Covid-19 pandemic and
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(originally funded with £1bn), offering both face-to-face or online tuition.

associated lockdowns, which disrupted education in over 150 coun-
tries (Azevedo et al., 2021) and disproportionately affected disadvan-
taged children (Betthäuser et al., 2023), has brought tutoring programs
center stage as a cost effective policy to close educational gaps that
have widened during the pandemic.1
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Most of these programs were and are delivered online. On the
one hand, social distancing rules that were in place throughout the
pandemic made this necessary. On the other hand, technologies and
new habits adopted during lockdowns have made online tutoring more
accessible to families from all backgrounds. Yet, very little evidence
exists as regards to its effectiveness. Online tutoring has the advantage
that it can draw on a larger pool of potential tutors, not limited to local
labor markets, and it reduces costs associated with commuting for both
tutors and students (Kraft et al., 2022). Compared to in-person tutoring
conducted during school hours, where students are typically pulled out
of their regular classes, remote after-school tutoring also imposes fewer
logistical challenges on schools and teachers in terms of co-ordination
of time and space for sessions.

In this paper, we study the effectiveness of an intensive, eight-week
math tutoring program on academic and socio-emotional outcomes of
secondary school children in Spain. It offered free, 100-percent online
after-school tutoring to pupils aged 12 to 15 from very disadvantaged
backgrounds. The program, called Men𝜋ores, has four key features.2
irst, the whole organization of the program and the tutoring ses-
ions were implemented online. Second, the large majority of tutors
elivering the program were paid-for, qualified math teachers. Third,
he tutoring sessions were done in groups of two students per tutor.
ourth, the program focused on math and social-emotional support
motivation, well-being, and work routines). This focus was chosen
ecause our target population was teenage children aged 12 to 15,
nd evidence suggests that tutoring in mathematics tends to be more
ffective for students in higher grades, while literacy interventions
ave been shown to be more effective in pre-school and primary
chool settings (Nickow et al., 2020). Further, the focus on socio-
motional support was introduced to mitigate the detrimental effects
f the pandemic and associated school closures on children’s mental
ealth (Newlove-Delgado et al., 2021), and because of the growing
vidence as to the importance of socio-emotional skills in educational
ttainment and future labor market outcomes (Heckman et al., 2006;
osse et al., 2020; Kosse and Tincani, 2020; Eisner et al., 2020).

We implemented the program in partnership with Empieza por Ed-
car (ExE), the Spanish branch of Teach for All, an NGO specialized
n training young teachers working in schools attended by vulnerable
nd low-income students. The recruitment of program participants was
one in two steps. First, we identified a number of schools that showed
nterest in the program. Second, we asked principals and teachers in
articipating schools to identify students most in need for support in
ath and disseminate the program among them and their families.
mong all students who signed up, we randomly assigned slightly more

han half to the program. Randomization was blocked by classrooms to
ncrease the power of our experimental design. This also ensured that
tudents who ended up in the same group knew each other. Within
locks, treatment students were randomly divided into groups of two,
nd were subsequently randomly assigned to a tutor.

We collected a rich array of child and family characteristics, such
s prior attainment, family size, household income, and immigration
ackground, at the stage of online registration. We ran base- and
ndline surveys of pupils, which included a standardized math test and
uestions on socio-emotional well-being, aspirations, and past perfor-
ance. To minimize attrition, these surveys were run during regular
ath class among all pupils in classrooms with participating students.
t the end of the program, we also ran a parent survey to collect

nformation on academic results, such as the final math grade, whether
he subject was passed, and whether the school year had to be repeated.

e also collected very rich real-time data throughout the duration of
he program capturing participation, connection time, and quality of
he connection.

2 The program is called Men𝜋ores, with the Greek letter 𝜋 used as a
eference to mathematics. However, it is pronounced as ‘‘mentores’’, the
panish word for mentors.
2

t

Our first set of results is based on the in-class test and student
urvey. Using our standardized math test, which was graded externally,
e find an intention-to-treat (ITT) effect of the intervention of 0.26
D, which is significant at the 10 percent level (𝑝-value: 0.077). To
ut these numbers into context, Guryan et al. (2023)’s evaluation of
igh-dosage, two-on-one math tutoring (60 mins/day during the entire
chool year) for 9th and 10th graders in Chicago high schools finds ITT
ffects between 0.09 and 0.14 SD for math test scores and reductions
n the likelihood of failing the course by between 15 and 24 percent.

In terms of non-cognitive outcomes, we find that the program raised
tudents’ aspirations: students in the treatment group were 13.5 (𝑝-
alue: 0.022) percentage points more likely to state that they would like
o go onto the academic track after compulsory schooling (i.e. Bachiller-
to), equivalent to a 31 percent increase compared to the control group
ean. This result is important because aspirations have been shown

o positively affect future educational achievement (Khattab, 2015),
nd because attending the academic track at upper secondary school is
inked to higher earnings later in life thus potentially increasing social
obility (Matthewes and Ventura, 2022). We do not find a positive

mpact on stated intentions to go to university, possibly because the
ecision to go to university lies too far away in the future for the
tudents in the intervention (the average age of participants was 13).

The training of tutors had a particular focus on student motivation,
hich tutors were meant to foster using the growth mindset approach
eveloped by Dweck (1986). This approach is based on the idea that
hen effort is valued over success and teacher feedback is specific,
escribing the praised behavior rather than simply affirming a correct
nswer or giving feedback about the person’s ability (Dweck, 1999),
his will positively affect student effort, motivation, perseverance, and
ltimately academic achievement (Chalk and Bizo, 2004). We find that
tudents assigned to treatment were 11.4 percentage points (𝑝-value:
.064) more likely to state that they exerted high effort always or most
f the time at school, which corresponds to an increase by 18 percent
hen compared to the control group mean but is not robust to multiple
ypothesis testing. However, we do not find an impact on student’s
otivation for school. We neither find an effect on perseverance mea-

ured using the grit scale developed by Duckworth and Quinn (2009).
t is likely that our program was too short to be able to change this
utcome. In fact, recent research suggests that grit is a highly heritable
ersonality trait with limited malleability (Rimfeld et al., 2016).

One of the objectives of the focus on motivation and the growth
indset was to foster in students the belief that ones conduct and

ctions influence the result obtained (also called internal locus of
ontrol), as opposed to feeling a lack of control over the environment
nd circumstances, making any effort useless because ones own actions
annot change the situation or outcome (external locus of control).
ontrary to our hypothesis, we find that students assigned to treatment
how a more external locus of control than control students (𝑝-value:
.081), but this result is not robust to multiple hypothesis testing. This
ffect is driven by an increase in the probability to agree that, when
ad things happen in their lives, it tends to be the fault of others,
mong students assigned to treatment. A possible interpretation of this
esult is that the program reduced self-blame among individuals in the
reatment group — students that may have believed until then that the
act that they are low achieving is entirely their own fault.

Since our program had a focus on math and was targeted at very
ow performing students in this subject, we expected the intervention
o have a positive impact on self-perceived math competencies or the
ikelihood of stating they like mathematics. However, we find no such
ffect. These results are surprising in light of the positive impact of
he intervention on actual achievement (both externally graded math
ests and teacher-assessed outcomes). Given the positive relationship
etween perceived ability and outcomes (Spinath et al., 2006), the
ailure to raise students’ self-image in mathematics may have limited
he potential longer-term effects of our program. To check whether

here were spillover effect on other subjects, we also asked whether
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students liked more and felt more confident in Spanish. It is possible,
for instance, that as a student becomes better in math, they gain
a comparative advantage in that subject and lose interest in other
subjects. It is also possible that improved results in math could motivate
students overall and make them more motivated for other subjects.
However, our results show no such spillover effects.

Given the post-pandemic context of the intervention, with stu-
dents likely still being affected negatively in terms of mental health
(Newlove-Delgado et al., 2021), we hypothesized that the intervention
might have a positive impact on student well-being due to the positive
group dynamics and the presence of an adult reference as a tutor and
mentor (Kosse et al., 2020). However, we do not find an impact on
overall well-being. Yet, when looking at one of the questions included
in the well-being index separately – satisfaction with school – we do
find a relatively large coefficient estimate equivalent to a 0.22 SD
increase (𝑝-value: 0.077), which is however not robust to multiple
hypothesis testing. In sum, while the program was not successful at
raising well-being overall, it seems to have increased satisfaction in the
dimension most closely linked to the context of the intervention: school.

The second set of results is based on the parent-survey. We will
address concerns about selective attrition for outcomes from this survey
further below. We find a positive and significant ITT-effect of the
program on end-of-year parent-reported math grades of 0.85 points (on
a 1 to 10 numerical scale), equivalent to a 0.49 SD increase. Further,
we find a significant increase of about 30 percent with respect to
the control group mean in the likelihood of passing the math course
(also parent-reported). Further, we find a large and significant effect
on grade retention: the program decreased the likelihood of repeating
the school year by 8.9 percentage points, equivalent to a 74 percent
decrease with respect to the control group, which had a repetition rate
of 12 percent. We also provide suggestive evidence that the positive
effects of the program are persistent one year after the end of the
program.

While attrition for the in-class survey was low – the response rate
was 88 percent – and equal for the treatment and control group, it
was more pronounced and 13 percentage points higher for the control
group in the parent-survey, on which we rely to measure end-of-year
academic outcomes. This raises concerns about the internal validity of
our estimates and could bias our results. For instance, experimenter
demand effects might cause parents of treated children to report more
positive results. We address this concern in different ways and show
that results on parent-reported outcomes are robust to using inverse
probability weights and provide bounds to our estimates using Lee
(2009)’s and Behaghel et al. (2009)’s approach. We find that bounds
only include positive impacts on the final math grade (ITT-estimate =
0.852, bounds = [0.304,1.317]), whether the student passed the sub-
ject (ITT-estimate = 0.205, bounds=[0.143,0.357]) and only negative
impacts on whether the student had to repeat the school year (ITT-
estimate = −0.089, bounds = [−0.270,−0.060]). This gives reassurance
that when taking into account sample attrition, the main conclusions
from our analysis continue to hold.

Analysis of mechanisms suggests that the program was more effec-
tive for higher achieving students at baseline. This is consistent with
results in Guryan et al. (2023), who find that their program had positive
treatment effects on math test scores for all but the bottom quartile in
baseline achievement. We find that when the tutor and the student were
of the same gender, the impact on standardized test scores is slightly
higher (although imprecisely estimated), possibly because students felt
more similar to their tutor (as has been shown for instance by Dee,
2005). Results on parent-reported academic outcomes also tend to be
slightly higher when students were matched to someone of their own
gender in the group. Contrary to existing evidence (e.g. in Duflo et al.,
2011), we do not find that the ability match in the group mattered
for the impact of the program. While our lack of statistical power
does not allow us to draw strong conclusions from this analysis, it
3

a

provides suggestive evidence that should be investigated further in
future research.

Our study contributes to the understanding of whether online tu-
toring can work as an effective tool for closing learning gaps for dis-
advantaged students. The closest to our research is the online tutoring
program implemented in Italy in Spring 2020 by Carlana and La Ferrara
(2021). They find large positive effects on student achievement (+0.26
SD) and positive effects on socio-emotional skills, aspirations, and
psychological well-being. Kraft et al. (2022) also implement an online
tutoring program for middle school students with college volunteers.
They find positive but insignificant effects on math and reading.3

Our program departs from these studies in three fundamental ways.
First, they were delivered by volunteer university students, while
Men𝜋ores used mostly paid-for, qualified secondary school teachers.
Second, our tutoring was implemented in groups of two students, in-
stead of one-on-one. Third, and more importantly, these programs were
implemented in exceptional circumstances. For the case of Carlana
and La Ferrara (2021), the program took place during the harshest
lockdown period in Italy from April to June 2020 (when all kids were
at home and schools were closed).4 In the case of Kraft et al. (2022),
in early 2021 in the US, when schooling was still highly disrupted.
Our program, instead, was implemented one year after the onset of
the pandemic, several months after schools were fully re-opened in
Spain. In that sense, we believe our results show the effectiveness of
online tutoring in normal times, when tutoring can be considered a
complement rather than a substitute for regular schooling.

Our contribution is relevant both in terms of policy and for further
academic research. Governments are investing large amounts of money
in tutoring programs (both in face-to-face and online formats). Our
evidence suggests that this money is well spent. The intervention costs
approximately €300 per student, and has a positive impact of 0.26 SD
on our standardized math test, translating into a 0.087 SD increase per
€100 spent.5 This compares favorably with summer schools analyzed
in Cooper et al. (2000), with a cost-effectiveness of 0.066 SD per €100
spent (based on an impact of 0.23 SD and a cost of €350 per student).
It also compares favorably with increasing instruction time by one hour
per day, which according to Higgins et al. (2012) costs €1,020 for an
increase of 0.24 SD in test scores, resulting in a cost-effectiveness rate
of 0.0235 SD per €100 spent.

Regarding potential future scaling up, we would expect our results
to be replicable at a larger scale, provided students have devices and
internet connections, which is more likely in developed countries. The
main limitation to reproduce such good results at scale is likely to be
the availability of high quality tutors.

3 Before the pandemic, a sizable amount of research was dedicated to un-
erstanding the effectiveness of educational software tools and online learning
or university students (Escueta et al., 2020). During the pandemic, some
uthors explored the effectiveness of different remote learning methods, such
s online peer mentoring to support university students (Hardt et al., 2022;
ofoed et al., 2021) or parental educational support through phone calls and

ext messages (Angrist et al., 2022). However, none of these studies analyzes
he effects of online real-time tutoring between teachers and secondary school
tudents.

4 The Italian Statistical Institute estimates that around 3 million Italian
tudents aged 6–17 may not have been reached by remote learning during
he lockdown (Instituto Nazionale di Statistica, 2020).

5 The cost of €300 per student is based on the following calculations derived
rom the project implementation: Every group of two students received up to
4 h of tutoring, hence the direct cost per student in terms of tutor wages is
he compensation for 12 h of tutoring time per student. Tutors were paid at
9 euros per hour, including social security cost, resulting in wage costs of
228 per tutored student. The cost of training (including an online course
nd two live webinars), administrative and supervision costs amounted to
pproximately €70 per tutored student.
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In terms of costs, programs with paid-for professionals are more
expensive than programs with volunteers. However, at large scale,
volunteer programs are likely to face more practical and political
economy limitations than programs with paid tutors. First, availability
of large amounts of volunteers is likely to be a significant limitation in
normal times. Second, large government-supported tutoring programs
with unpaid workers are likely to encounter resistance from teacher
unions, at least in advanced economies. Third, paid work is likely
to generate higher engagement and lower tutor turnover. Indeed, our
monitoring data shows that volunteer tutors delivered on average three
fewer sessions and 200 min less of tutoring than our professional, paid-
for tutors. Our innovative two-on-one online design offers additional
cost savings in relation to in-person programs and one-on-one online
programs, while achieving very similar results.

The rest of the paper is organized as follows. Section 2 describes
the context of the intervention. In Section 3, we present the study
design and in Section 4 we describe the data. The empirical strategy
is presented in Section 5, and results and robustness checks are shown
in Sections 6 and 7, respectively. Section 8 concludes.

2. Context of the intervention

Our intervention took place in two large regions of Spain, Madrid
and Catalonia. In both regions, schools were largely back to normal
after the pandemic at the time our intervention took place: On March
9th 2021, just before the start of our intervention, only 0.5 percent of
classes in Spain were operating remotely due to quarantines.

In primary school and the first two grades of lower secondary
school (Grades 1 to 8, ages 6 to 13), the relevant years for our
study, classes had been operating under a face-to-face model since
September 2020. In order to guarantee social distancing, class sizes
were slightly reduced. To avoid additional physical contact between
students, break times, lunch times and extra-curricular activities were
minimized or eliminated. This meant that some of the students in our
study potentially had up to two hours more time outside school in
the afternoons compared to the pre-pandemic scenario. The number
of hours of instruction, however, remained the same as in any other
regular year.

To cope with the various learning models and anticipate potential
future school closures, the Ministry of Education and Vocational Train-
ing and regional ministries made large efforts to provide schools with
tablets and computers for the school year 2020/21. The Autonomous
Community of Madrid, for instance, invested more than €6.1 million (or
$6.9 million) in 36,100 tablets for their schools (Comunidad de Madrid,
2020). Because schools lent these devices to students who did not have
access to a computer or tablet, only a very small share (6 percent) of
students who enrolled in our program did not have the technology at
home to attend online tutoring sessions. We supplied these students
with tablets that were later donated to their schools.

3. Study design

In this section we describe the intervention design, recruitment of
participants and tutors and the timeline of implementation.

3.1. The program Men𝜋ores

Our online tutoring program, called Men𝜋ores, was an intensive
intervention consisting of three 50-minute sessions per week over a
period of eight weeks. The target population were students in Grades
7 and 8 (grades 1 and 2 of secondary school, students aged 12 to
15), attending schools in highly disadvantaged neighborhoods. We
chose this target for two reasons. First, disadvantaged students were
disproportionately affected by learning loss during the pandemic (Hael-
ermans et al., 2021; Blainey and Hannay, 2021) and most likely to
benefit from the intervention. The need to invest and experiment with
4
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remedial programs which could facilitate catch up for the learning
loss of these students was and still is a priority in education policy
in many countries (World Bank, 2021a,b). Second, evidence suggests
that tutoring in mathematics tends to be more effective for students in
higher grades (Nickow et al., 2020), and budget, logistical and time
constraints meant that we could deliver tutoring only in one subject
area and only in secondary schools.

Tutoring sessions were delivered online mostly by qualified math
teachers in groups of two students per tutor. We decided to concen-
trate hiring efforts on qualified math teachers for several reasons:
First, existing evidence on face-to-face tutoring shows that they are
significantly more effective than non-professionals or volunteer tu-
tors (Nickow et al., 2020). Second, while we had initially planned a
second treatment arm with tutoring delivered by volunteer university
students as in Carlana and La Ferrara (2021), we were neither able to
recruit sufficient participating students nor sufficient volunteer tutors
in the short time-frame we were operating in.6 The timing of our
intervention (towards the end of the academic year, when university
students tend to be more busy because of final examinations) and the
fact that life in Spain had largely gone back to normal by March 2021
(students were no longer locked inside their homes as they had been
between March 2020 to May 2020) are possible explanations for the
low response to our call.

The group composition was fixed throughout the program, with the
same students attending meetings with the same tutor in each session.
The students in each tutoring group of two were from the same class
or grade from the same school. This was done in order to increase the
power of our experimental design as well as to guarantee that students
knew each other and would find it easier to connect and accommodate.
We decided to go for a two-on-one student–tutor ratio for three reasons.
First, the pedagogic team in charge of implementation suggested that
being in a group with another child had the potential to generate
mutual motivation and peer pressure not to abandon the program.
Second, existing evidence for face-to-face programs in Nickow et al.
(2020) shows that two-on-one tutoring is nearly as effective as one-
on-one tutoring. Moreover, evidence from a two-on-one math tutoring
program in Chicago (Guryan et al., 2023) shows that this design can
be highly effective even for older (secondary school) children. Third,
this design is relevant from a scalability perspective, as it significantly
reduces cost per student.7

A key element of the program was its online nature. The fact
that face-to-face interactions outside the classroom were severely con-
strained by social distancing rules (avoiding breaks, lunch at school or
extra-curricular activities) made this the only viable option. Addition-
ally, the demand and interest in online tutoring has surged rapidly since
2020, while to date very limited evidence on its effectiveness exists.

3.2. Content and methodology of the tutoring sessions

We designed the academic and pedagogic content of the interven-
tion together with Empieza por Educar (ExE), the Spanish partner of the
US based network Teach for All. ExE is an NGO specialized in training
young teachers working in schools attended by highly vulnerable and
low-income students in the regions of Madrid and Catalonia.8 Its core

6 Like Carlana and La Ferrara (2021), we launched a call searching for
olunteer math tutors at five large public and private universities in Barcelona
nd Madrid, but received less than 50 applications.

7 We decided not to go for a three-to-one ratio as we thought it would have
een exceedingly challenging from a logistic point of view to coordinate four
eople to be available at the same time three times a week.

8 Every year, ExE selects around 80 candidates out of an applicant pool of
etween 2000 and 3000 to receive training and support during the two years
hey work in such schools in pedagogy, classroom management, school and

ommunity transformation and leadership skills.
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activity is based on a highly selective model of teacher training, identi-
fying teacher candidates with top academic and socio-emotional skills
that are relevant for the teaching profession, as well as an interest in
the profession and in social change.

The academic content of the tutoring program was based on the
national mathematics curriculum and covered the expected knowledge
from 1st and 2nd graders in secondary schools in Spain. Additionally,
the program aimed at providing psycho-social and socio-emotional
support to students. This was done for several reasons. First, to poten-
tially mitigate the detrimental effects of the pandemic and associated
school closures on children’s mental health (Newlove-Delgado et al.,
2021). Second, there is growing evidence as to the importance of socio-
emotional skills in educational attainment and future labor market
outcomes (Heckman et al., 2006; Kosse et al., 2020; Kosse and Tincani,
2020; Eisner et al., 2020). There was therefore an explicit mandate for
tutors to spend time in the sessions providing such support and reserve
at least ten out of the 50 min to discuss any issues, fears or concerns
the children might be facing at home or at school. The pedagogical
approach of the sessions was inspired by the No Excuses methodology,
which has been shown to be effective in raising academic and non-
cognitive outcomes in the context of urban US charter schools for
vulnerable children (Dobbie and Fryer, 2013). This methodology em-
phasizes high expectations, increased instructional time, individualized
support, continuous feedback and intensive data collection on student
progress to guide instruction. We provide details on how tutors were
trained in these aspects in Section 3.4.

The tutoring program was also aimed at improving student mo-
tivation through the growth mindset approach developed by Dweck
(1986). In this approach, effort is valued more than success and teacher
feedback is aimed at describing the praised behavior rather than sim-
ply affirming a correct answer or giving feedback about the person’s
ability (Dweck, 1999). This in turn is meant to positively affect student
effort, motivation, perseverance, and academic achievement (Chalk and
Bizo, 2004).

3.3. Recruitment of schools and participants

The recruitment of program participants was done in two steps.
First, we identified a number of schools that showed interest in the
program. Second, we asked schools who had agreed to participate
to identify potential beneficiaries from their pool of students and
disseminate the program among them.

For recruitment of participant schools, we leveraged ExE’s large
network of teachers and schools in the regions of Catalonia and Madrid.
School principals were initially contacted by ExE and informed about
the program and its characteristics, its target population (disadvan-
taged students in the 1st and 2nd grade of secondary school and lagging
behind in mathematics), and the fact that the program was to be
evaluated scientifically through a randomized controlled trial.

Emails were sent and calls were made to gauge interest to around 32
schools. We had calculated that in order to reach our target sample size
of 400 enrollments, we would need to get about 20 schools on board.9
After the initial emails and calls, recruitment efforts were intensified
among those schools that showed an interest (i.e., those that replied to
emails or answered calls and consulted with the governing bodies of
their schools to see whether there was support for participation). Re-
cruitment ended when the target number of schools had been reached,
as time, budgetary and operational constraints meant that we could

9 On average, there are two classrooms per grade level, the intervention was
argeted at two grade levels, 7th and 8th grade, and we expected enrollment
f between 4 and 6 students per classroom at most, which makes an expected
nrollment of 2 𝑔𝑟𝑎𝑑𝑒𝑠× 2 𝑐𝑙𝑎𝑠𝑠𝑒𝑠∕𝑔𝑟𝑎𝑑𝑒× 5 𝑠𝑡𝑢𝑑𝑒𝑛𝑡𝑠 × 20 = 400.
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not deliver tutoring to more than about 200 students. Eventually, 18
schools signed participation agreements.10

For the selection of potential participants, there were no strict
eligibility rules. Instead, we relied on the knowledge of teachers and
principals to identify four to six students per classroom that were most
in need for math tutoring.

In the second step, parents of children identified by the school as
in need were directed to an online registration form. It is notoriously
hard to reach lagging behind, disadvantaged students and their parents
for opt-in programs (Robinson et al., 2022). We therefore asked both
schools as well as coordinators from ExE to actively help parents fill
out the registration form to ensure we reached our target population.
The online registration form included an information sheet for parents
and children, informing them of the fact that the program was to be
evaluated and that not all students that registered would eventually be
selected. Parents were also asked to give consent for their children’s
participation and the usage of data for research purposes. In the reg-
istration process we collected detailed data on household and student
characteristics and whether the student that was being registered had
access to a tablet or other device to participate in the online sessions.

3.4. Selection and training of tutors

Our implementation partner ExE designed and implemented the
selection and training for tutors based on their longstanding experience
with teacher selection. A key criterion for selection was to hold a
post-graduate (Master’s) degree in Teacher Training in a scientific
specialization (math, physics, chemistry or biology), which is a formal
requirement to teach mathematics in secondary education in Spain.
While holding a Master’s degree in teacher training was a desired
characteristic, it was not binding. Other skills, such as motivation for
the program, having taught in low-income schools, and prior teaching
experience, were also considered. Advertisement of the positions was
done through various channels, including online hiring portals, ExE’s
own network of current teachers and alumni, and other teachers whom
they work with. A total of 199 applicants which met the minimum
pre-requisites were sent a formal application form, and applied. Out of
these, 110 candidates were sent a link for an online interview. Out of
the 110 candidates interviewed we hired 37 professional tutors. In par-
allel, we recruited a small number of university students as volunteer
tutors and ended up including eight such tutors in the program.11

Before the start of the program, tutors received between 15 to 20 h
of online training through ExE’s teacher training platform. Training
included two remote training modules and two online webinars with

10 Principals signed an agreement detailing the school’s role in the study,
including: (i) the identification of a group of students that would benefit most
from the program; (ii) dissemination of the application material among these
students and their families; (iii) ensuring the administration of baseline and
endline surveys during school hours; and (iv) participating in a final survey
themselves.

11 As mentioned previously, we had initially planned a third treatment arm
with volunteer mentors only. Although we advertised the program at five large
public and private universities, we only received 50 applications. We attribute
the small number of applications to the fact that the program required a
high level of time commitment and coincided with end of term examinations
at university. This was also the reason why most of the applicants finally
decided to drop out of the process before the start of tutoring sessions. After
initial screening and interviews, we were able to include only eight volunteer
tutors, who completed the entire application process. We decided to keep these
tutors in our pool and included them in the randomization. This allowed us
to fulfill the initial commitment to schools to provide tutoring to around 200
students. We include students tutored by volunteers in all the results presented.
Results are very similar when students that were taught by volunteer tutors
are excluded. We discuss these in Section 7.3.
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Fig. 1. Timeline of the Men𝜋ores program implementation.
expert teachers. Training focused on the following key areas: how to
establish strong ties with students, student motivation, lesson plan-
ning, learning verification and formative assessments, math academic
content knowledge and tutoring methodology.

3.5. Timeline

Fig. 1 shows the timeline of the intervention. Planning and design
took place between January and March 2021, and the registration
period for parents and children started in early March 2021, lasting
for about two weeks. A total of 375 complete registrations with valid
consents were received during this time window. After registrations
were closed, baseline tests and surveys were administered in all par-
ticipating classrooms, that is, in all classes where at least one student
had registered for the program.

Students were randomly assigned to treatment and control group,
and in case they had been selected to be in the treatment group, to
a partner and tutor, during the Easter break (early April 2021). The
tutoring sessions started in the second week of April 2021 and ended
in early June, at the time where the final grade evaluation takes place.

Endline tests and questionnaires to students were administered after
the end of the intervention and before the end of the academic year
(second week of June 2021). We also asked tutors, principals and math
teachers to complete brief online surveys at the end of the program.
Finally, we administered an online and phone survey to parents during
the month of July 2021.

3.6. Experimental design and randomization

The experimental strategy relied on over-subscription. No compen-
sation for students not assigned to the treatment was offered, as at the
time of the randomization we did not have funds available that could
have covered the cost of a second round of the program at a later stage.

Randomization was done in various steps. First, we assigned the
initially 375 students who enrolled in the program randomly into treat-
ment (205 students) and control group (170 students). Randomization
was at the person level in blocks, where a block consisted of all students
of a class at a school that had signed up for the program. When the
number of students from the same class who enrolled was two or less,
we combined classrooms of the same grade level within the same school
into one block. We did this in order to get blocks of sufficient sizes to
assign an even number of students within each block to the treatment
group. The total number of blocks was 68, distributed across 18 schools.
In a second step, we randomly ordered treatment students within each
block and assigned them sequentially into groups of two. For instance,
if a given block had four treatment students, students one and two in
6

the random order were assigned to the same group, and students three
and four to another group.

In the last step, we randomly assigned tutors to groups of two
students. In general, all tutors were assigned to three tutoring groups,
hence providing support to six students. Volunteer tutors were assigned
only one group. Randomization of tutors was stratified by geographic
area, where those tutors based in Catalonia who indicated they spoke
Catalan were assigned to students based in Catalonia, and those based
in Madrid to those who were based in the region of Madrid.

3.7. Implementation

Students and tutors were able to organize their own schedule and
agree on weekly meeting times.12 Each student and mentor received
personal and unique credentials for accessing a specifically created
domain within an online platform from a large, US-based technology
firm, consisting of a tool to organize emails, calendars, files and most
importantly, hold online meetings. Tutors had to hold sessions through
the platform and could only communicate with students through this
channel.13 Students who registered and stated they did not have access
to a computer or tablet and/or internet were provided with a tablet
with internet access for the duration of the program. In total, 13
students were given tablets, which were donated to their schools at the
end of the program.

A key advantage of the online format was that student attendance
could be monitored in real time. Throughout the program we collected
data for each tutoring session via a management and monitoring dash-
board that was fed with data from the technological platform where the
virtual sessions were taking place. This data allowed us to immediately
identify issues with the connection and quality of video calls and pupils
who did not attend their sessions. With this information we could draw
up plans of action with tutors, families, and schools to help get them
back into the program.

Fig. 2 shows the distribution of total minutes and total number of
tutoring sessions attended by students. Only seven students (3.4 percent
of those assigned to the treatment group) actively dropped out of the
program before it began. Among students assigned to treatment, the
median number of minutes of tutoring received was 952, representing

12 Students and tutors were asked and had to confirm at the registration and
application stage, respectively, that they were available at least three days a
week between 4 p.m. and 7 p.m.

13 This was done both for organizational as well as for legal reasons of child
protection: all communication through these channels could be monitored by
us and the implementation team.
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Fig. 2. Distribution of total minutes and number of sessions of tutoring attended
Note: This figure shows histograms of the total number of tutoring minutes attended (left panel) and the number of sessions attended (right panel). The data comes from electronic
records of connection times to online meetings from 199 out of 205 students in the treatment group. This includes seven students who dropped out of the program before it
started (zero minutes and zero sessions), and excludes six students for whom we could not match meeting data.
80 percent of the target number of minutes (1200). The median num-
ber of sessions attended was 20, corresponding to 83 percent of the
envisaged number of sessions (24).14

4. Data

In this section we describe the data collection process, the kind
of information we collected at base- and endline and the outcome
measures we constructed.

4.1. Baseline information

We collected a rich array of family and household characteristics
at the stage of online registration for the program, where parents
had to fill out a detailed survey. This survey included questions on
household composition, civil status of the respondent (the mother or
father), education level and household income, as well as the origin of
the respondent and the child that was being registered for the program,
and the language typically spoken at home. We also asked whether the
child was receiving tutoring support of any kind and whether the child
had a device (computer or tablet) and internet connection available at
home with which to connect to the sessions.15

After the completion of the registration period and before random-
zation, we ran a baseline student survey that included a math test
nd a questionnaire on prior attainment, well-being, and other socio-
motional outcomes. The baseline test was completed by all students
n classrooms where there was at least one student registered for the
rogram, thereby avoiding stigmatization or association of the test
ith the program. The tests were paper-based and administered by

he children’s math teachers or their main classroom teachers (also
alled tutor in Spanish) during a regular math class or the weekly lesson

reserved for general matters.16 Because of the timing of the baseline test
– right before the Easter holiday and after grading for the first term had
finished – students were not missing regular math content to do the test.

14 Medians are calculated on the entire sample assigned to treatment,
ncluding zeros for the seven students that dropped out before the start of the
ntervention. Among those that did start the program, there are six students
or whom we could not match the online meeting data and consequently have
o information on the number of sessions attended or minutes of tutoring
eceived.
15 As noted in Section 3.7, having a device and internet connection was not
pre-requisite for participation, as we provided internet-enabled devices to

tudents who did not have one at home.
16 In Spanish secondary schools, all classes have one hour per week reserved

or a class with their tutor in which they discuss general matters.
7

We explicitly instructed teachers not to mention the program Men𝜋ores
while they ran the tests, so that students who had registered would not
associate this assessment to their likelihood of being selected.

Because there is no official standardized test for the age groups in-
cluded in the program (grade 7 and 8), we created our own assessment.
Together with ExE experts with experience as secondary math teachers,
we designed two math tests based on the national curriculum for the
respective grade levels. Sample questions are shown in Appendix A.1.
The test for 7th graders included seven questions, while the test for 8th
graders included six questions.

The second part of the survey, which covered well-being, socio-
emotional skills, and prior attainment, was identical for both grade
levels. Well-being questions were based on the well-being module in
the age 14 survey of the Millennium Cohort Study (University College
London et al., 2020). Students were asked six questions on how they felt
about different aspects of their lives, which they had to rate on a scale
of 1 to 7, where ‘1’ meant not at all happy and ‘7’ meant completely
happy. The exact questions can be found in Appendix A.2. We calculate
the average scores across the six items to create a Likert-type well-being
scale.

The second set of questions comprised three items from the CAR-
ALOC Pupil Questionnaire (University College London et al., 2021),
which assesses locus of control, and are answered with ‘yes’ or ‘no’,
which we assign value zero and one, respectively. We calculate the
average across the answers to these three questions, where a number
closer to one indicates a more internal locus of control. An internal
locus of control indicates that students believe they are more in control
of the results of their actions in their daily lives. A more internal
locus of control has been found to be associated with better academic
outcomes (Shepherd et al., 2006). Additionally, we asked students
to self-assess their ability in Spanish language and math. Finally, we
asked students whether and how often they had attended online classes
during the school closures from mid-March to June 2020, to be able to
control for potential learning losses experienced during the onset of the
pandemic.

4.2. Outcome measures

During the second week of June, when tutoring sessions had fi-
nalized, we administered an endline survey. The endline survey again
contained a standardized math test and also included the questions
regarding well-being, locus of control and self-rated ability discussed
in Section 4.1.

We added new questions on socio-emotional skills and aspirations.
Socio-emotional skills were captured in several dimensions. First, as
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in Carlana and La Ferrara (2021), we measured grit using the Short Grit
Scale developed by Duckworth and Quinn (2009). This includes eight
questions with a 5-point scale, which are then aggregated into an over-
all Likert-scale by averaging the valuations across all questions. The
exact questions can be found in Appendix A.2. Second, we measured
school motivation using three items from the school motivation grid of
the sixth wave (age 14 survey) of the Millennium Cohort Study (Uni-
versity College London et al., 2020). These covered the frequency with
which students (1) exerted high effort at school, (2) thought school was
interesting, and (3) they found school a waste of time, with answers
ranging from 1 (never) to 4 (always). We look at these outcomes
individually and also aggregate them into a school motivation index by
adding the values for each question and dividing it by the maximum
sum (12). We also ask questions on interest in language and math.
To measure aspirations, we ask about the plans students have after
completing compulsory schooling at age 16 (vocational track, academic
track or dropping out of school), as well as their intentions to go to
college.

We also conducted an online and phone survey of parents of study
participants in early July, when the school year was over. Parents were
asked two key questions about their child’s academic outcomes: The
final math grade, measured on a 1 to 10 numerical scale, obtained by
their child at the end of the year, and whether the child would have to
repeat the school year.17 We also asked about whether their children
had received any other remedial education support program (besides
Men𝜋tores in case of the treatment group).

4.3. Sample and balancing

Our randomization sample consisted of 375 students whose parents
had registered through the online form and provided consents and
background characteristics on the child and the parents.

Balancing between treatment and control group characteristics of
the randomization sample is shown in Table 1. The table shows the con-
trol group mean and standard deviation (column 2), and the treatment-
control difference estimated from a regression of the characteristic as
the dependent variable on a treatment dummy and block fixed effects
(column 3). Finally, it shows the normalized difference between treat-
ment and control group, equal to the coefficient reported in column
3 divided by the standard deviation of the control group (column 4).
Note that balance variables were not pre-registered. However, they
represent all pre-determined characteristics that were collected during
the registration process and the baseline child survey.

There are no significant baseline differences between the treatment
and control group, except in the number of children aged 18 or below
in the household. The 𝑝-value for an 𝐹 -test of the null hypothesis that
baseline characteristics are jointly the same for treatment and control
group is equal to 0.818.

5. Empirical strategy

The estimation of the effect of the intervention is done using two
empirical specifications. For outcomes that are measured both at base-
and at endline, we estimate the following difference-in-difference re-
gressions by OLS:

𝑌𝑖𝑏𝑡 = 𝛼𝑏 + 𝛽𝑇 𝑟𝑒𝑎𝑡𝑖 + 𝛾𝑃 𝑜𝑠𝑡𝑡 + 𝛿𝑇 𝑟𝑒𝑎𝑡𝑖 × 𝑃𝑜𝑠𝑡𝑡 + 𝜆𝑋𝑖 + 𝜖𝑖𝑏 (1)

where 𝑌 denotes the outcome for student 𝑖, in block 𝑏 at time 𝑡 ∈
{𝑝𝑟𝑒, 𝑝𝑜𝑠𝑡}, i.e. either before or after the intervention. The 𝛼𝑏’s are
block fixed-effect (indicating the classroom of the student). 𝑇 𝑟𝑒𝑎𝑡𝑖 is
a dummy variable equal to one if the individual is in the treatment
group, and 𝑃𝑜𝑠𝑡𝑡 is a dummy variable equal to one for the period after

17 We could not obtain administrative data from the schools for these
utcome measures for legal reasons.
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the end of the program. The vector 𝑋 represents a set of pre-determined
student and parent characteristics that include student age, grade,
gender, region fixed-effects, a dummy indicating school meal eligibility,
a set of dummy variables indicating baseline math grade categories
(fail, pass, good), a set of dummy variables indicating the frequency of
online lessons during school closures in April and May 2020, a dummy
indicating whether the student had a tablet or computer at home before
the program, a dummy indicating whether the student was receiving
other tutoring before the program, categorical variables indicating the
number of people below age 18 at home, the language spoken at home,
parental education, household income, an indicator for whether the
responding parent is a single parent, and a dummy variable indicating
whether the parent is of Spanish origin. Finally, 𝜖𝑖𝑏 is an error term.
The coefficient of interest, 𝛿, corresponds to the intention-to-treat (ITT)
estimate, which measures the effect of being assigned to participate
in Men𝜋ores. Standard errors in this specification are clustered at the
individual level.18

For outcomes measured only at endline, we estimate the impact of
being assigned to the program with the following OLS regression:

𝑌𝑖𝑏 = 𝛼𝑏 + 𝛿𝑇 𝑟𝑒𝑎𝑡𝑖 + 𝜆𝑋𝑖 + 𝜖𝑖𝑏 (2)

where the variables are defined in the exact same way as in the
difference-in-difference specification above. Again, the coefficient of
interest measuring the ITT-effect is captured by 𝛿. We report heteroske-
dasticity-robust standard errors for this specification.

The results presented here deviate in two ways from what had
been pre-registered. First, we had not initially registered some of the
academic outcomes (math grade, whether the course was passed and
whether the school year was repeated). The reason for this was that
even though we included a clause for consent to linking the student
data to administrative records, there was a high chance that this data
would not be made available. This is due to the fact that in Spain, the
process for access to administrative data is not yet well established,
and often depends on factors that are outside researchers’ control.19

Indeed, the data owners – the ministries of education (Consejeria de
Educacion) in Madrid and Catalonia – did not give us access to this
data after the end of the program, stating legal reasons. Because we
believed these outcomes were extremely important and we had funding
available at the end of the program, we decided to solicit the informa-
tion on academic outcomes through a survey to parents. Additionally,
our pre-registration did not include results on self-perceived affinity
and ability in math and language. The reason was that we included
these outcomes in the base- and endline surveys after pre-registration,
but we considered it relevant to look at them as we thought they
could potentially constitute mechanisms which might explain persistent
effects of the program.

Second, we had initially planned to analyze whether the effective-
ness of the program depended on whether students in a tutoring group
were matched with someone they considered a friend. Due to time and
logistic restrictions, we were not able to collect data on friendships
between group members and were not able to perform this analysis.

We look at many outcome variables, which raises the risk for
false positives. To adjust for the fact that we are testing multiple
hypotheses and may incorrectly reject null hypothesis of no effects, we
calculate Romano–Wolf step-down adjusted 𝑝-values, which control for

18 While individual level assignment to the treatment implies standard errors
should be clustered at the individual level in the difference-in-difference
setting (see for instance the discussion in Abadie et al., 2017), we also report
results when clustering standard errors at the block level in column 5 of
Tables 9–12.

19 See for instance this recent initiative by one of the authors of this
paper and signed by all co-authors to streamline this process and make it
more transparent: https://www.esade.edu/ecpol/wp-content/uploads/2023/

05/AAFF_ESP_EsadeEcPol_Brief38_UsoDatos_v6.pdf.

https://www.esade.edu/ecpol/wp-content/uploads/2023/05/AAFF_ESP_EsadeEcPol_Brief38_UsoDatos_v6.pdf
https://www.esade.edu/ecpol/wp-content/uploads/2023/05/AAFF_ESP_EsadeEcPol_Brief38_UsoDatos_v6.pdf
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Table 1
Balancing between treatment and control group.

N = 375
Control mean Treatment/control Normalized

(SD) difference (SE) difference

Child characteristics
Age 13.04 (0.835) −0.106 (0.07) −0.127
Girl 0.44 (0.497) 0.032 (0.05) 0.064
Born in Spain 0.83 (0.377) 0.015 (0.04) 0.039
Grade 8 0.48 (0.501) 0.000 (0.00) 0.000
Public school 0.25 (0.436) −0.000 (0.00) −0.000
Catalonia 0.31 (0.465) 0.000 (0.00) 0.000
School meal stipend 0.08 (0.267) 0.030 (0.03) 0.111
No laptop/tablet at home 0.06 (0.247) 0.035 (0.03) 0.140
Has access to internet 0.99 (0.108) −0.003 (0.01) −0.032
Receiving academic support (at baseline) 0.18 (0.387) 0.025 (0.04) 0.065

Baseline child survey outcome
Partial completion, 1+ maths question (%) 0.91 (0.284) −0.037 (0.03) −0.129
Completed survey fully (%) 0.52 (0.501) −0.028 (0.05) −0.057

Baseline performance
Has failed math before 0.38 (0.486) 0.035 (0.05) 0.073
Has failed at least one subject before 0.64 (0.483) 0.006 (0.05) 0.013
Repeated grade at least once 0.26 (0.442) −0.036 (0.05) −0.081
Pass (5–6.9) math in first term 0.37 (0.484) −0.043 (0.05) −0.088
Good (7–8.9) math in first term 0.06 (0.247) 0.019 (0.03) 0.076
Test score (%) at baseline 0.26 (0.180) −0.017 (0.02) −0.096

Parental/household characteristics
Mother responded 0.76 (0.425) 0.004 (0.04) 0.009
Married/cohabiting 0.71 (0.454) 0.001 (0.05) 0.003
Spanish origin 0.52 (0.501) 0.010 (0.05) 0.021
Spanish/Catalan spoken at home 0.86 (0.343) 0.031 (0.03) 0.090
Compulsory schooling or below 0.52 (0.501) 0.015 (0.05) 0.031
Income < 1000 EUR 0.48 (0.501) −0.024 (0.05) −0.047
HH size 4.11 (1.088) 0.012 (0.12) 0.011
Nb. children age ≤ 18 1.88 (0.834) 0.193* (0.10) 0.231
Age of youngest child 9.96 (3.965) −0.406 (0.41) −0.102

Notes: The table shows balancing between treatment and control group observations for the sample
of students who registered to participate in Men𝜋ores. For each variable, we report the control group
mean and standard deviation in parenthesis in the second column. The third column shows the 𝛿
coefficients from specifications of the type 𝑌𝑖𝑏 = 𝛼𝑏 + 𝛿𝑇 𝑟𝑒𝑎𝑡𝑖 + 𝜖𝑖𝑏, where 𝑌𝑖𝑏 is the variable indicated
in the first column, and the 𝛼𝑏 ’s are block fixed effects. The third column shows the normalized
difference between treatment and control group, derived by dividing the treatment/control difference
by the standard deviation in the control group. Significance levels are indicated by * < .1, ** < .05,
*** < .01. The 𝑝-value for an 𝐹 -test of the null hypothesis that baseline characteristics are jointly
the same for treatment and control group is equal to 0.818.
the family-wise error rate and allow for dependence among 𝑝-values.
To do so, we group our outcomes into five families: (1) academic
achievement; (2) self-perceived ability and affinity; (3) aspirations; (4)
school attitudes and motivation and (5) socio-emotional outcomes.

6. Results

In this section we discuss the implications of selective attrition and
present our main results.

6.1. Selective attrition

Before discussing our main results, we check for selective attrition
between base- and endline for the various outcomes we study.

Most of the outcomes of interest described above – the score on
the standardized test, socio-emotional outcomes and aspirations – were
collected through endline surveys administered during math classes at
school. Despite the fact that this meant that attrition was very low
– 328 out of 375 students (87.5 percent) participated in the endline
survey and math test – our estimates could still be biased if attrition
was different between the treatment and control group.

To check whether there is selective attrition at endline, Table 2
shows balancing conditional on having an endline observation in the
in-class math test and questionnaire. None one of the characteristics,
9

except for the number of children aged 18 and below in the household,
are significantly different between treatment and control group. The
𝑝-value for an 𝐹 -test of the null hypothesis that baseline characteristics
are jointly the same for treatment and control group is equal to 0.765.
Additionally, we find no significant difference in missingness between
treatment and control group for the outcomes measured through the
in-class test and student questionnaire (see Table A1 in the online
appendix).

The second set of academic achievement variables – end-of-year
math grades, whether the math course was passed and whether the
child had to repeat the grade – were collected via an online and phone
survey to parents at the end of the school year. Attrition for this survey
was higher, with 62 percent of parents responding at endline overall
(233 out of 375). Missingness for the outcomes measured through
the parent survey was significantly higher for control group students,
whose parents were 13 percentage points less likely to respond at
endline (see Table A1 in the online appendix). In Table 3, we show
balancing conditional on having an endline observation in the parent-
reported outcomes. There are no statistically significant differences in
most baseline characteristics between treatment and control group.
However, we reject the null hypothesis that baseline characteristics
are jointly equal between treatment and control group due to some
characteristics showing significant differences. For instance, we find
that treatment students whose parents responded at endline were more
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Table 2
Balancing table — endline respondents to in-class child questionnaire and test.

N = 328
Control mean Treatment/control Normalized

(SD) difference (SE) difference

Child characteristics
Age 12.99 (0.790) −0.104 (0.07) −0.132
Girl 0.44 (0.498) 0.020 (0.06) 0.040
Born in Spain 0.83 (0.379) 0.030 (0.04) 0.079
Grade 8 0.50 (0.502) 0.000* (0.00) 0.000
Public school 0.25 (0.434) 0.000** (0.00) 0.000
Catalonia 0.32 (0.467) 0.000 (0.00) 0.000
School meal stipend 0.08 (0.266) 0.037 (0.03) 0.139
No laptop/tablet at home 0.06 (0.229) 0.031 (0.03) 0.134
Has access to internet 0.99 (0.117) −0.008 (0.01) −0.068
Receiving academic support (at baseline) 0.19 (0.391) 0.011 (0.05) 0.028

Baseline child survey outcome
Partial completion, 1+ maths question (%) 0.93 (0.254) −0.043 (0.03) −0.170
Completed survey fully (%) 0.52 (0.501) −0.024 (0.06) −0.047

Baseline performance
Has failed math before 0.39 (0.490) 0.015 (0.05) 0.031
Has failed at least one subject before 0.63 (0.485) 0.011 (0.06) 0.022
Repeated grade at least once 0.23 (0.425) −0.021 (0.05) −0.049
Pass (5–6.9) math in first term 0.34 (0.477) −0.011 (0.05) −0.022
Good (7–8.9) math in first term 0.08 (0.266) 0.010 (0.03) 0.039
Test score (%) at baseline 0.26 (0.184) −0.013 (0.02) −0.070

Parental/household characteristics
Mother responded 0.77 (0.425) 0.005 (0.04) 0.012
Married/cohabiting 0.73 (0.445) −0.000 (0.05) −0.000
Spanish origin 0.53 (0.501) 0.007 (0.05) 0.013
Spanish/Catalan spoken at home 0.86 (0.353) 0.041 (0.04) 0.116
Compulsory schooling or below 0.52 (0.501) −0.004 (0.06) −0.008
Income < 1000 EUR 0.46 (0.500) −0.028 (0.05) −0.055
HH size 4.13 (1.095) 0.024 (0.13) 0.022
Nb. children age ≤ 18 1.90 (0.848) 0.225* (0.12) 0.265
Age of youngest child 10.05 (3.856) −0.616 (0.44) −0.160

Notes: The table shows balancing between treatment and control group observations for the sample
of students who responded to the endline in-class child questionnaire and test. For each variable,
we report the control group mean and standard deviation in parenthesis in the second column.
The third column shows the 𝛿 coefficients from specifications of the type 𝑌𝑖𝑏 = 𝛼𝑏 + 𝛿𝑇 𝑟𝑒𝑎𝑡𝑖 + 𝜖𝑖𝑏,
where 𝑌𝑖𝑏 is the variable indicated in the first column, and the 𝛼𝑏 ’s are block fixed effects. The third
column shows the normalized difference between treatment and control group, derived by dividing
the treatment/control difference by the standard deviation in the control group. Significance levels
are indicated by * < .1, ** < .05, *** < .01. The 𝑝-value for an 𝐹 -test of the null hypothesis that
baseline characteristics are jointly the same for treatment and control group is equal to 0.765.
likely to be recipients of free school meals, and their parents were
more likely to hold only compulsory schooling or below (versus high
school diploma or above), suggesting slightly negative selection into
responding at endline among the treatment group. While these analyses
suggest differential attrition at endline between treatment and control
group, it is reassuring that we observe no differences in terms of
baseline academic achievement between the two groups. In robustness
checks (Section 7.1), we will use inverse probability weights and pro-
vide Lee (2009) and Behaghel et al. (2009) bounds to treatment effects
to account for non-random sample selection in these outcomes.

6.2. Academic outcomes

Table 4 summarizes the results for the impact of the intervention
on academic outcomes. The dependent variable in column 1 is the
score on the math test, standardized by grade level.20 The difference-
in-difference estimate indicates that treatment students improved their
score by 0.26 SD more than control students, which is significant at the
10 percent level.21

20 The test score is standardized at the grade level (for grade 7 and 8,
espectively) and using the mean and standard deviation of the control group
t baseline.
21 This result is based on standardizing the test score at the year group level
mong participating students only. The effect size is 0.23 SD and remains
10

ignificant at the 10% level when standardizing the test score at the grade level
Columns 2 to 4 show treatment effect estimates for teacher-assessed
outcomes reported by parents at the end of the school year. We find
that treatment group students have a 0.85 points higher end-of-year
math grade than control students, corresponding to an increase by
about 0.49 SD compared to the control group. Treatment students are
also 20.5 percentage points more likely to have passed the subject
(math), corresponding to a 30 percent increase in the likelihood of
passing compared to the control group mean. Further, we find a large,
negative and significant effect on grade retention. Treatment students
were 8.9 percentage points less likely to have to repeat the school year,
corresponding to a 74 percent drop in the repetition probability com-
pared to the control group. After accounting for multiple hypothesis
testing, results become just insignificant at the 10 percent level for the
standardized test score and repeating the school year (the Romano–
Wolf step-down adjusted 𝑝-values for these outcomes are 0.102), and
remain significant at conventional levels for the final math grade and
passing the subject.

In online appendix Table A2, we show results from parent-reported
academic outcomes collected from a survey we implemented one year
later (in autumn 2022). The response rate for the follow up question-
naire was only 45 percent (168 out of 375), out of which 120 had also

among all students who took the test, including those that did not participate
in the study.
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Table 3
Balancing table — children of endline respondents to parent survey.

N = 233
Control mean Treatment/control Normalized

(SD) difference (SE) difference

Child characteristics
Age 12.98 (0.751) −0.034 (0.088) −0.046
Girl 0.41 (0.494) 0.084 (0.068) 0.171
Born in Spain 0.83 (0.379) 0.065 (0.050) 0.170
Grade 8 0.47 (0.502) 0.000 (0.000) 0.000
Public school 0.23 (0.420) 0.000 (0.000) 0.000
Catalonia 0.28 (0.451) 0.000 (0.000) 0.000
School meal stipend 0.04 (0.204) 0.095** (0.040) 0.467
No online classes during lockdown 0.17 (0.379) −0.022 (0.052) −0.058
No laptop/tablet at home 0.11 (0.311) 0.003 (0.039) 0.009
Has access to internet 0.98 (0.146) 0.006 (0.016) 0.043
Receiving academic support (at baseline) 0.18 (0.389) −0.042 (0.058) −0.109

Baseline child survey outcome
Partial completion, 1+ maths question (%) 0.92 (0.265) −0.032 (0.04) −0.121
Completed survey fully (%) 0.52 (0.502) −0.034 (0.07) −0.068

Baseline performance
Has failed math before 0.37 (0.484) 0.090 (0.07) 0.185
Has failed at least one subject before 0.62 (0.487) 0.041 (0.07) 0.085
Repeated grade at least once 0.27 (0.446) 0.005 (0.06) 0.011
Pass (5–6.9) math in first term 0.35 (0.481) −0.007 (0.07) −0.014
Good (7–8.9) math in first term 0.08 (0.265) −0.000 (0.04) −0.001
Test score (%) at baseline 0.23 (0.154) 0.007 (0.02) 0.044

Parental/household characteristics
Mother responded 0.78 (0.413) −0.034 (0.06) −0.082
Married/cohabiting 0.77 (0.420) −0.007 (0.06) −0.017
Spanish origin 0.49 (0.503) 0.106 (0.07) 0.210
Spanish/Catalan spoken at home 0.86 (0.349) 0.028 (0.04) 0.081
Compulsory schooling or below 0.48 (0.502) 0.139* (0.07) 0.276
Income < 1000 EUR 0.52 (0.502) −0.088 (0.07) −0.175
HH size 4.10 (1.043) 0.006 (0.17) 0.006
Nb. children age ≤ 18 1.82 (0.820) 0.240* (0.14) 0.293
Age of youngest child 10.22 (3.796) −0.689 (0.59) −0.181

Notes: The table shows balancing between treatment and control group observations for the sample
of students who registered to participate in Men𝜋ores. For each variable, we report the control group
mean and standard deviation in parenthesis in the second column. The third column shows the 𝛿
coefficients from specifications of the type 𝑌𝑖𝑏 = 𝛼𝑏 + 𝛿𝑇 𝑟𝑒𝑎𝑡𝑖 + 𝜖𝑖𝑏, where 𝑌𝑖𝑏 is the variable indicated
in the first column, and the 𝛼𝑏 ’s are block fixed effects. The third column shows the normalized
difference between treatment and control group, derived by dividing the treatment/control difference
by the standard deviation in the control group. Significance levels are indicated by * < .1, ** < .05,
*** < .01. The 𝑝-value for an 𝐹 -test of the null hypothesis that baseline characteristics are jointly
the same for treatment and control group is equal to 0.001.
replied in the first questionnaire, and results are mostly insignificant.
However, the magnitude and direction of coefficients is very similar
to those estimated based on the survey results right after the end of
the program: Final grades of students who were assigned to treatment
were 0.48 points higher (+0.32 SD). Treatment students were also 12
percentage points less likely to have repeated the school year that
started after the end of the program. While the small sample size means
that we cannot estimate these effects precisely, they are indicative of
potential positive long-run effects of the program.

6.3. Self-perceived affinity and ability

In Table 5 we present results on outcomes measuring self-perceived
ability and affinity towards math. Columns 1 and 3 show, respectively,
that the program did not increase the likelihood of pupils stating that
they thought they were good at math or that they liked math. These
results are surprising in light of the positive impact of the intervention
on actual achievement (both externally graded math tests and teacher-
assessed outcomes). Given the positive relationship between perceived
ability and outcomes (Spinath et al., 2006), the failure to raise students’
self-image in mathematics may have limited the potential longer-term
effects of our program. For comparison, we also asked the same ques-
tions about Spanish language, to check whether there was some sort of
crowding out (i.e., students shifting preferences towards math or away
from math in favor of other subjects). It is also possible that improved
results in math could motivate students overall and make them more
11
motivated for other subjects. However, we do not find evidence that
this happened (see columns 2 and 4).

6.4. Aspirations, perseverance, effort and motivation

We now look at the impact of the program on aspirations, persever-
ance, and motivation. Column 1 of Table 6 shows that treatment group
students were 13.5 percentage points more likely than control group
students to state that they would like to go on to complete a bachillerato
(academic high school track), the pre-requisite for entering university
in Spain, after completing compulsory education. This corresponds to
a 31 percent higher probability than the control group, and the result
is robust to adjusting for multiple hypothesis testing. We believe the
impact of the program on raising aspirations to choose the academic
track are important for several reasons: First, because aspirations have
been shown to positively affect future educational achievement (Khat-
tab, 2015). Second, attending the academic track at upper secondary
school is linked to higher earnings later in life and may thus increase
social mobility (Matthewes and Ventura, 2022). We do not find an
increase in the likelihood of stating that students plan to go on to
higher education (college/university) after-school (column 2). While
choosing the academic track at upper secondary school tends to be
highly correlated with planning to go to university, the fact that we
do not find an impact here might be because this is a decision that lies
very far in the future for the students in our intervention, who were on

average just 13 years old.
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Table 4
Impact on academic outcomes.

In-class
test Parent-reported

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

test score
Final math

grade
Passed
math

Repeated
year

Treat −0.092 0.852∗∗∗ 0.205∗∗∗ −0.089∗∗

(0.102) (0.234) (0.058) (0.044)
RW 𝑝-value [0.015] [0.015] [0.102]
Post 0.103

(0.112)
Treat × Post 0.260∗

(0.146)
RW 𝑝-value [0.102]
Constant −0.624 7.272∗∗∗ 0.669∗ 0.336

(0.546) (2.021) (0.365) (0.260)

Mean dep. var. −0.01 5.10 0.68 0.12
SD dep. var. 1.00 1.75 0.47 0.32
𝑅2 0.30 0.64 0.63 0.58
Obs. 679 233 233 231
Unique ind. 367

Notes: Significance levels are indicated by * < .1, ** < .05, *** < .01. SEs clus-
tered at student level (column 1) and heteroskedasticity-robust SEs (columns
2–4) in parenthesis. Romano–Wolf step-down adjusted 𝑝-values for multiple
hypothesis testing reported in brackets (based on 10,000 replications). The
table shows the 𝛿 coefficients from Eq. (1) in column 1 and from Eq. (2) for
columns 2–4, where outcomes are only measured at endline. The number of
unique individuals included in the regressions is indicated at the bottom of the
table for regressions using DID. All regressions include block fixed-effects (FE)
and control for student age, grade, gender, region FE, a dummy indicating
school meal eligibility, a set of dummy variables indicating baseline math
grade categories (fail, pass, good) (including a category for missing baseline
math grade), a set of dummy variables indicating the frequency of online
lessons during school closures in April and May 2020, a dummy indicating
whether the student had a tablet or computer at home before the program,
a dummy indicating whether the student was receiving other tutoring before
the program, categorical variables indicating the number of people below age
18 at home, the language spoken at home, parental education, household
income, an indicator for whether the responding parent is a single parent,
and a dummy variable indicating whether the parent is of Spanish origin.
Table 5
Impact on self-perceived ability and affinity.

In-class test

(1) (2) (3) (4)
Good at

math
Good at
Spanish

Likes
math

Likes
Spanish

Treat 0.022 −0.000 −0.060 −0.080
(0.045) (0.055) (0.060) (0.063)

RW 𝑝-value [0.599] [0.545]
Post 0.059 0.006

(0.037) (0.051)
Treat × Post −0.028 0.014

(0.049) (0.066)
RW 𝑝-value [0.752] [0.794]
Constant −0.547∗ 0.241 0.239 0.638

(0.314) (0.371) (0.652) (0.520)

Mean dep. var. 0.25 0.55 0.42 0.48
SD dep. var. 0.43 0.50 0.50 0.50
𝑅2 0.36 0.27 0.46 0.37
Obs. 659 660 321 323
Unique ind. 365 366

Notes: Significance levels are indicated by * < .1, ** < .05,
*** < .01. SEs clustered at student level (columns 1–2) and
heteroskedasticity-robust SEs (columns 3–4) in parenthesis. Romano–
Wolf step-down-adjusted 𝑝-values for multiple hypothesis testing
reported in brackets (based on 10,000 replications). The table shows
the 𝛿 coefficients from Eq. (1) in columns 1–2 and from Eq. (2)
for columns 3–4. The number of unique individuals included in the
regressions is indicated at the bottom of the table, and coincides
with the number of observations for regressions that do not have a
baseline measure of the dependent variable. All regressions include
block FEs and the same controls as reported in the notes to Table 4.
12
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Table 6
Impact on aspirations and motivation.

In-class test

(1) (2) (3) (4) (5)
Bachi
llerato College Grit

High
effort

Motivation
school

Treat 0.135∗∗ 0.023 0.075 0.114∗ 0.005
(0.059) (0.050) (0.061) (0.061) (0.018)

RW 𝑝-value [0.056] [0.654] [0.456] [0.262] [0.806]
Constant 0.292 1.105∗∗∗ 2.594∗∗∗ 0.272 0.716∗∗∗

(0.535) (0.340) (0.458) (0.458) (0.184)

Mean dep. var. 0.43 0.81 3.04 0.64 0.75
SD dep. var. 0.50 0.39 0.50 0.48 0.16
𝑅2 0.46 0.42 0.36 0.40 0.42
Obs. 318 315 327 321 317

Notes: Significance levels are indicated by * < .1, ** < .05, *** < .01.
Heteroskedasticity-robust SEs in parenthesis. Romano–Wolf step-down adjusted
𝑝-values for multiple hypothesis testing reported in brackets (based on 10,000
replications). The table shows the 𝛿 coefficients from Eq. (2). All regressions
include block FEs and the same controls as reported in the notes to Table 4.
Table 7
Impact on socio-emotional outcomes.

In-class test

(1) (2) (3)
Wellbeing

index
School

satisfaction
Locus of
control

Treat 0.151 −0.043 −0.010
(0.105) (0.162) (0.032)

Post −0.143 −0.133 0.030
(0.098) (0.129) (0.027)

Treat × Post 0.002 0.292∗ −0.063∗

(0.108) (0.165) (0.036)
RW 𝑝-value [0.982] [0.110] [0.110]
Constant 5.818∗∗∗ 4.803∗∗∗ 0.216

(0.688) (1.058) (0.187)

Mean dep. var. 6.23 5.47 0.60
SD dep. var. 1.50 1.35 0.30
𝑅2 0.64 0.29 0.29
Obs. 679 666 673
Unique ind. 367 367 367

Notes: Significance levels are indicated by * < .1, ** < .05, ***
< .01. SEs clustered at student level in parenthesis. Romano–
Wolf step-down adjusted 𝑝-values for multiple hypothesis
testing reported in brackets (based on 10,000 replications).
The table shows coefficients from Eq. (1). All regressions
include block FEs and the same controls as reported in the
notes to Table 4.
In the one-year follow up (online appendix Table A2), we find a
zero effect on parent’s beliefs about their children’s plans to attend
the academic upper secondary route (doing the bachillerato), and a 4.4
percentage points increase (not significant) in the likelihood of parents
stating that they believe their children will go to college after school.
Note that these results are not comparable to those immediately after
the end of the program, because aspirations at endline were asked
to students, while in the one-year follow-up they were solicited from
parents.

Given the programs specific focus on student motivation using
the growth mindset approach developed by Dweck (1986), we tested
whether the program positively affected student motivation, effort, and
perseverance, which would be potential mechanisms driving also the
increase in academic achievement. In column 3 of Table 6, we assess
whether program assignment had any impact on grit, a measure of
perseverance and conscientiousness. We do not find evidence that this
was the case. It is likely that our program was too short to be able
to change this outcome. In fact, recent research suggests that grit is
a highly heritable personality trait with limited malleability (Rimfeld
et al., 2016).

Column 4 shows the impact of program assignment on self-perceived
effort at school. Students in the treatment group were 11.4 percentage
13
points more likely than the control group to state that they exerted
high effort at school always or most of the time, corresponding to a
18 percent higher probability than in the control group. This result is
however not robust to taking into account multiple hypothesis testing.
Column 5 shows the effect of program assignment on our school
motivation index. We do not find an impact on this outcome. It thus
seems that while our program was able to raise students’ self-perceived
effort, it was potentially too short or not specific enough in order to
raise student motivation or perseverance.

6.5. Well-being and socio-emotional outcomes

In the aftermath of the Covid-19 pandemic, there were considerable
concerns about the longer-run effects of the lockdown and school clo-
sures on children’s mental health (Newlove-Delgado et al., 2021). We
expected the intervention to have a positive impact on socio-emotional
well-being due to the positive group dynamics and the presence of an
adult reference as a tutor and mentor (Kosse et al., 2020). Table 7
shows the ITT-estimates of the impact of the program on measures of
well-being and locus of control. We find no impact of the program on
overall subjective well-being measured by the well-being index (column
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Table 8
Heterogeneous effects.

(1) (2) (3) (4) (5)
Standardized test score Final math grade Passed math Repeated year Bachillerato

Panel A: Tutor–student gender match
Treat 0.227 0.851∗∗∗ 0.204∗∗∗ −0.088∗∗ 0.115∗

(0.147) (0.235) (0.058) (0.044) (0.060)
Treat × Tutor–student same gender 0.341 0.153 0.216 −0.149 0.296

(0.456) (0.599) (0.201) (0.157) (0.207)
Constant −0.613 7.242∗∗∗ 0.627∗ 0.365 0.317

(0.549) (2.040) (0.369) (0.265) (0.530)
Panel B: Student gender composition
Treat 0.266 0.637∗∗ 0.086 −0.057 0.030

(0.183) (0.289) (0.076) (0.052) (0.077)
Treat × Students same gender −0.013 0.460 0.254∗∗ −0.070 0.225∗∗

(0.191) (0.418) (0.099) (0.070) (0.106)
Constant −0.630 7.143∗∗∗ 0.598 0.355 0.139

(0.556) (2.017) (0.380) (0.263) (0.558)
Panel C: Group ability composition
Treat 0.312∗ 0.855∗∗∗ 0.215∗∗∗ −0.091∗∗ 0.190∗∗

(0.160) (0.278) (0.073) (0.044) (0.076)
Treat × Similar ability −0.166 −0.008 −0.028 0.005 −0.161

(0.210) (0.459) (0.123) (0.091) (0.135)
Constant −0.388 7.272∗∗∗ 0.667∗ 0.336 0.197

(0.525) (2.027) (0.368) (0.261) (0.555)
Panel D: Bottom 50% baseline test
Treat 0.420∗∗ 0.987∗∗∗ 0.229∗∗ −0.087 0.116

(0.167) (0.333) (0.093) (0.062) (0.083)
Treat × Bottom 50% ability −0.438∗ −0.109 −0.013 −0.029 0.059

(0.227) (0.517) (0.137) (0.098) (0.134)
Constant 0.348 11.232∗∗∗ 1.105∗∗∗ 0.198 0.507

(0.546) (2.032) (0.354) (0.407) (0.552)

Mean dep. var. −0.01 5.05 0.67 0.13 0.43
SD dep. var. 1.00 1.76 0.47 0.33 0.50
Obs. 663 219 219 217 302

Notes: The table shows the coefficient on the treatment and the interaction between treatment assignment and different measures of heterogeneity in
the composition of the group and baseline performance for students in the study sample, i.e. those who registered for Men𝜋ores. Estimates are from our
ITT specification (Eq. (1) for standardized test scores and Eq. (2) for the remaining outcomes), including a dummy for treatment assignment interacted
with indicators for each group with appropriate main effects added, including block fixed effects and our usual set of baseline covariates, as indicated
in the notes to Table 4.
1). However, when looking at one of the questions included in the well-
being index separately – satisfaction with school – we find a relatively
large coefficient estimate equivalent to a 0.22 SD increase (column 2),
which is however not robust to multiple hypothesis testing (Romano–
Wolf 𝑝-value: 0.11). While the program was not successful at raising
overall well-being, this provides suggestive evidence that it did raise
satisfaction in the dimension most closely linked to the context of the
intervention: school.

Column 3 shows that the intervention had a significant negative
impact on our measure of locus of control, meaning that treatment
students were less likely to believe they can influence what happens
in their lives. This result does not remain significant after taking
into account multiple hypothesis testing (Romano–Wolf 𝑝-value: 0.11).
While this result is counter-intuitive – we would have expected the
intervention, if anything, to increase internal locus of control – we
interpret this as evidence for a reduction in self-blame among treatment
students. When looking at one of the variables composing the locus of
control index separately – whether students agreed with the statement
that when something bad happened to them it tended to be the fault
of others – we find that this increases significantly more for treatment
students than for control students. Possibly, the intervention made
treatment students believe that their low achievements might not be
their own fault, but due to a lack of external support (e.g., from teachers
or parents). These results should be taken with caution and more
research is needed to understand exactly how our tutoring intervention
might affect locus of control.

6.6. Tutor, teacher and parent feedback

At endline, we collected feedback from parents, tutors and schools,
asking them to evaluate their experience with the program. While these
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evaluations are of a purely subjective character and have no causal
interpretation, we nevertheless believe they are important to analyze
potential obstacles and lessons for a potential scale up of the program
in the future.

In the final survey of the families of the pupils participating in
the program, we found a general satisfaction with Men𝜋ores. More
than 80 percent of the families agreed or strongly agreed with the
statement ‘My mentored child is more confident in the subject of
mathematics’. Some 80 percent of families agreed or strongly agreed
with the statement: ‘Tutoring has improved my child’s results in math-
ematics at school’. Finally, 85 percent agreed with the statement: ‘The
mathematics reinforcement program has been useful for my child’.

Mathematics teachers and headteachers of the participating schools
rated the impact of the program positively. More than 70 percent of
teachers and 57 percent of headteachers surveyed agreed or strongly
agreed that the program had been useful for their pupils. Some 69 per-
cent of teachers believed that the program was a good support for their
teaching. Finally, 71 percent thought that the program should continue,
which is also shared by 100 percent of headteachers surveyed. More
than 40 percent of surveyed mathematics teachers believed that the fact
that pupils participated in the program helped them to work better, and
another 42 percent believed that the coordination meetings with the
mentors were useful. Some teachers said that they were overwhelmed
by the additional workload during the program (due to coordination
with tutors and administering base- and endline tests). In the open-
ended responses, several teachers and headteachers suggested to start
the program before April and make it longer.

We also analyze what tutors perceived to be the main obstacles
to students attending the sessions. Fig. 3 shows a summary of the
results from this analysis. Around 40 percent of tutors mentioned
clashes with other extracurricular activities as a common cause for
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Fig. 3. Best practices mentioned by tutors at endline
Note: This figure shows information collected through surveys to tutors at the end of the program (𝑁 = 44 out of a total of 45 tutors). They show the share of tutors who
mentioned different types of best practices, technology used and obstacles encountered.
non-attendance. Poor internet connections and feeling tired or unwell
were also important. Almost 20 percent of tutors mentioned a lack of
quiet study space and interruptions by parents or siblings a problem for
effectively delivering tutoring sessions.

In terms of lessons for a potential scale-up, in order for the program
to be positively regarded by teachers it should be ensured that it does
not mean additional workload for them. It would also be valuable to
test whether a different timing (more towards the beginning or middle
of the academic year) and a longer duration would make the program
even more effective. Finally, scheduling the sessions in groups of two
so they do not clash with other activities is both challenging and
important, and tutors and students should be given enough flexibility in
order to accommodate other commitments. At a larger scale, students
could be matched with a group mate depending on their availability in
order to facilitate scheduling.

6.7. Heterogeneous effects and mechanisms

In this section we present some insights into what might have
worked best in our intervention. We look at whether there are differ-
ential treatment effects depending on the tutor–student gender match,
and the gender and ability composition of the group. For instance, if
students were of the same gender, they might have been less embar-
rassed to interact, and this might have improved classroom dynamics
and tutoring effectiveness. If the tutor was of the same gender as the
student, teaching might have been more effective as students felt more
similar to their tutor (as has been shown, for instance, by Dee (2005)).
With respect to group ability composition, the tutor might have been
able to teach at the right level when students were more similar in their
baseline ability (Duflo et al., 2011; Banerjee et al., 2016). We also study
whether the tutoring program was more beneficial for students who had
higher or lower initial test scores.

Fig. 4 shows the interaction effects of the different characteristics
with the treatment variable ( Table 8 shows the full set of coefficients
on the treatment dummy and the interactions terms). While interaction
15
terms tend not to be significant, which would be expected due to our
small sample size, the signs and magnitudes of the coefficients provide
several interesting insights. For the standardized test, the program
seems to have been less effective for those in the bottom 50% of the
baseline ability distribution. This is consistent with results in Guryan
et al. (2023), who find that their program had positive treatment
effects on math test scores for all but the bottom quartile in baseline
achievement. The program seems slightly more effective in terms of
math test scores if the student and the tutor were of the same gender,
although this interaction is very imprecisely estimated. The gender
match among the students in the group or whether students were of
similar baseline ability does not seem to have mattered for impacts on
math test scores. This latter finding is in contrast with those in Duflo
et al. (2011), who find positive effects of ability tracking.

For final math grades and whether the subject was passed, program
effects do not seem to differ by baseline performance, but seem higher
when the students in the group were of the same gender. Again, the
group ability match does not affect program effectiveness for these
outcomes. Further research at a larger scale is needed to get a better
understanding of these aspects. Our evidence suggests that gender
matching among group members might be an important aspect, at least
for students in this age group.

One of the findings from our study is that despite the fact that
tutors had a clear mandate to address socio-emotional aspects, such
as motivation and emotional well-being, we find little or no impact of
our intervention on these outcomes. While the program might simply
have been too short to have an effect on such outcomes, it raises the
question of whether tutors were actually implementing socio-emotional
support in their sessions. While we do not have monitoring data on
this aspect, we have data on open-ended questions to tutors at endline
regarding best practices that they would recommend for future editions
of the program. About 32 percent of tutors mentioned the emphasis
on motivation and socio-emotional aspects as important for the success
of the intervention (see Fig. 3). The fact that almost a third of tutors
mentioned this explicitly, and that this factor seems to have been more
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Fig. 4. Heterogeneous effects by group composition and baseline performance
Note: This figure shows the coefficients from the interaction terms shown in Table 8. These are estimated by regressing the outcome on a treatment dummy and the interaction
between the treatment dummy and a dummy indicating (1) whether the student and tutor were of the same gender; (2) whether the students in the group were of the same
gender; (3) whether the students in the group were of similar ability at baseline and (4) whether the students were both in the bottom 50% of the baseline test score distribution.
All regressions include the full set of controls as specified in the notes to Table 4 and block fixed effects. The plot shows 90% confidence intervals.
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important than, for instance, the use of technology (such as digital
whiteboards) during sessions (mentioned by 20 percent of tutors) or
being informed about what students were working on during their
regular math classes (mentioned by 9 percent of tutors) suggests that
indeed tutoring sessions were not merely focused on academic content.
In future research it will be important to keep track and monitor
more explicitly to what extent socio-emotional support is actually
implemented, or randomly vary the degree of this support in order to
understand its importance for program effectiveness.

7. Discussion of results and robustness checks

We now discuss several potential concerns around the internal and
external validity of our main results and perform several checks to see
whether our results remain robust to different specifications, and taking
into account selective attrition.

7.1. Selective attrition

As discussed in Section 6.1, the differential response rate to the
endline parent survey among treatment and control group parents
raises concerns about whether our estimates might be biased due to
selective attrition. To quantify how much this might matter for our
results, column 4 in Table 9 shows the estimated impact of program
assignment on academic outcomes using inverse-probability weights.
We can see that the effects size on our standardized math test (Panel A)
is virtually identical when using these weights compared to our main
result (reported in column 3). Panels B to D are outcomes that rely
on parental responses to the endline survey. Effect size estimates are
virtually identical, if anything, slightly higher, for all three outcomes
when using inverse-probability weights. This is in line with the po-
tential (downward) bias in effect sizes predicted from our analysis of
selective attrition.
16
While the above robustness check is reassuring, the substantial
attrition for parent-reported outcomes, which are also the most pre-
cisely estimated, raises concerns about experimenter demand effects,
with parents of treated children possibly being more likely to re-
port positive outcomes. Given that we do not have administrative
data on these outcomes, we try to address this concern by calculat-
ing bounds on our estimates on parent-reported outcomes using Lee
(2009)’s and Behaghel et al. (2009)’s approach.22 The results of this
exercise, shown in online appendix Table A3, indicate that bounds only
include positive impacts on the final math grade (ITT-estimate = 0.852,
bounds = [0.304,1.317]), whether the student passed the subject (ITT-
estimate = 0.205, bounds = [0.143,0.358]) and only negative impacts
on whether the student had to repeat the school year (ITT-estimate =
−0.089, bounds = [−0.270,−0.060]). These results give reassurance
hat when taking into account sample attrition, the main conclusions
rom our analysis continue to hold.

In column 4 of Tables 10 to 12 we show the effect size estimates
sing inverse-probability weights for all non-academic results. Again,
olumn 3 reports our main results for comparison. For each set of
utcomes, the point estimates are very similar to each other.

To conclude, our estimates are robust to accounting for attrition
sing inverse probability weights, and, if anything, are slightly down-
ardly biased in the case of academic outcomes reported by parents.
reatment-effect bounds for these outcomes indicate that our main
onclusions continue to hold even in the presence of non-random
ttrition at endline.

.2. Alternative specifications

The results shown thus far correspond to those using our preferred,
ull specification. In columns 1–3 of Tables 9 to 12, we additionally

22 We use Behaghel et al. (2009)’s approach for binary outcomes as in this
case it provides tighter bounds.
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Table 9
Robustness — academic outcomes.

(1) (2) (3) (4) (5)
+Block FEs +Demog +SES +IPW Block cl.

Panel A: Standardized test score
Post × Treat 0.229 0.253∗ 0.260∗ 0.269∗ 0.260∗

(0.140) (0.142) (0.146) (0.160) (0.151)
Constant −0.278∗∗ −0.769∗∗∗ −0.624 −0.752 −0.624

(0.127) (0.265) (0.546) (0.589) (0.502)

𝑅2 0.21 0.25 0.30 0.32 0.30
Obs. 679 679 679 679 679

Panel B: Final math grade
Treat 0.765∗∗∗ 0.836∗∗∗ 0.852∗∗∗ 0.879∗∗∗ 0.852∗∗∗

(0.228) (0.220) (0.234) (0.243) (0.280)
Constant 5.490∗∗∗ 4.331∗∗∗ 7.272∗∗∗ 7.525∗∗∗ 7.272∗∗∗

(0.625) (0.913) (2.021) (1.908) (1.871)

𝑅2 0.36 0.51 0.64 0.67 0.64
Obs. 233 233 233 233 233

Panel C: Passed math
Treat 0.161∗∗∗ 0.183∗∗∗ 0.205∗∗∗ 0.213∗∗∗ 0.205∗∗∗

(0.060) (0.053) (0.058) (0.058) (0.069)
Constant 0.893∗∗∗ 0.336∗∗ 0.669∗ 0.661∗ 0.669∗

(0.066) (0.167) (0.365) (0.347) (0.365)

𝑅2 0.35 0.56 0.63 0.66 0.63
Obs. 233 233 233 233 233

Panel D: Repeated year
Treat −0.074∗∗ −0.075∗∗ −0.089∗∗ −0.091∗∗ −0.089

(0.037) (0.037) (0.044) (0.042) (0.057)
Constant 0.049 0.205 0.336 0.280 0.336

(0.035) (0.136) (0.260) (0.271) (0.252)

𝑅2 0.40 0.48 0.58 0.59 0.58
Obs. 231 231 231 231 231

Notes: Significance levels are indicated by * < .1, ** < .05, *** < .01. SEs clustered at the
individual level (Panel A) or heteroskedasticity-robust SEs (Panels B–D) in parenthesis.
Column 1 shows OLS regression of the dependent variable in the column heading on a
treatment dummy and block fixed effects only. In column 2, the following additional
controls are added: Student age, grade, gender, region FE, a dummy indicating school
meal eligibility, a set of dummy variables indicating baseline math grade (including
a category for missing baseline math grade), a set of dummy variables indicating the
frequency of online lessons during school closures in April and May 2020, a dummy
indicating whether the student had a tablet or computer at home before the program, a
dummy indicating whether the student was receiving other tutoring before the program.
In column 3 we further add controls relating to socio-economic status and parental
characteristics: Categorical variables indicating the number of people below age 18
at home, the language spoken at home, parental education, household income, an
indicator for whether the responding parent is a single parent, and a dummy variable
indicating whether the parent is of Spanish origin. In column 4 we present the full
specification as in column 3, but using inverse-probability weights to derive estimates.
In column 5 we show estimates according the specification in column 3, but clustering
standard errors on the block level rather than at the individual level.

show regressions using alternative specifications. In each table, column
1 shows the most basic specification, including only the treatment
dummies and block fixed effects. In column 2 we add demographic
characteristics (age, gender, grade, autonomous community, baseline
math grade categories, whether had online classes during lockdown,
whether had a device to connect to tutoring sessions available, whether
received some form of academic tutoring at baseline) and in column
3 we add variables relating to socio-economic status (whether eligible
for school meal subsidy, whether speaks Spanish at home, dummies for
household income intervals, number of household members below age
18, parental education, whether living in a single-parent household,
and whether the parent is of Spanish origin), corresponding to our main
specification shown so far.

When looking at academic outcomes in Table 9, results are very
stable across specifications, with effect size estimates mostly increasing
as we add more controls to take into account heterogeneity at base-
line across treatment and control group. For non-academic outcomes
reported in the remaining Tables 10 to 12 the same holds: estimates
are remarkably stable across specifications and so are their statistical
17
Table 10
Robustness — self-perceived ability and affinity.

(1) (2) (3) (4) (5)
+Block FEs +Demog +SES +IPW Block cl.

Panel A: Good at math
Post × Treat −0.012 −0.030 −0.028 −0.032 −0.028

(0.049) (0.049) (0.049) (0.045) (0.052)
Constant −0.018 −0.141 −0.547∗ −0.532∗ −0.547

(0.026) (0.122) (0.314) (0.316) (0.348)

𝑅2 0.24 0.32 0.36 0.41 0.36
Obs. 659 659 659 659 659

Panel B: Good at Spanish
Post × Treat 0.001 0.012 0.014 0.019 0.014

(0.064) (0.064) (0.066) (0.072) (0.071)
Constant 0.718∗∗∗ 0.758∗∗∗ 0.241 0.339 0.241

(0.251) (0.269) (0.371) (0.381) (0.300)

𝑅2 0.17 0.22 0.27 0.29 0.27
Obs. 660 660 660 660 660

Panel C: Likes math
Treat −0.052 −0.061 −0.060 −0.024 −0.060

(0.052) (0.058) (0.060) (0.058) (0.063)
Constant 0.368 0.227 0.239 0.392 0.239

(0.316) (0.382) (0.652) (0.649) (0.654)

𝑅2 0.32 0.38 0.46 0.50 0.46
Obs. 321 321 321 321 321

Panel D: Likes Spanish
Treat −0.074 −0.067 −0.080 −0.098 −0.080

(0.058) (0.060) (0.063) (0.060) (0.074)
Constant 0.382 0.572 0.638 0.663 0.638

(0.319) (0.349) (0.520) (0.537) (0.391)

𝑅2 0.24 0.28 0.37 0.43 0.37
Obs. 323 323 323 323 323

Notes: Significance levels are indicated by * < .1, ** < .05, *** < .01. SEs clustered
at the individual level (Panels A–B) or heteroskedasticity-robust SE (Panels C–D) in
parenthesis. Controls for specifications in columns 1–5 are as described in the notes to
Table 9.

significance levels. We therefore conclude that our main results are
robust to the inclusion or exclusion of specific control variables.

Our preferred specification for outcomes where we have repeated
measures at base- and endline is a difference-in-difference model. In
Table 13 we check how the estimates differ when we estimate these
results using Eq. (2) (post estimator with lagged dependent variables)
instead of Eq. (1) (DID). At the bottom of the table we present the
difference in the ITT-effect estimates between the two strategies and
the 𝑝-value of a test for equality of the coefficients of the 𝑇 𝑟𝑒𝑎𝑡 × 𝑃𝑜𝑠𝑡
and the 𝑇 𝑟𝑒𝑎𝑡-dummy across the two models. The effects are not sub-
stantially different using either method and most coefficients are very
similar in magnitude across the two specifications. For all but one of the
outcomes – the well-being index – we cannot reject the null hypothesis
that the coefficients are equal across the two models. For one of our
main outcomes, the standardized test score, the estimated effect is
around 0.09 SD lower in the lagged dependent variable specification
and becomes insignificant at conventional levels. However, looking
at the predictive margins of treatment over different values of the
baseline score shown in Fig. 5, estimated from a model that includes
the interaction of treatment and baseline test score, we can see that
the average effect masks substantial heterogeneity. For medium to high
values (above 0.5) of the standardized baseline test score, the effect of
treatment is large and significant at the ten percent level (and ranges
up to half a standard deviation).

7.3. Volunteer tutors

We had initially planned a third treatment arm, where we wanted
to compare the effectiveness of volunteer tutors with that of our profes-
sional tutors. As explained in Section 3.1, although we did not achieve
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Fig. 5. Predictive margins of treatment assignment by baseline test score
Note: This figure shows the predicted standardized test scores post-treatment for treatment and control group students by standardized test score at baseline. These are estimated
by regressing standardized test scores on a treatment dummy, the lag of the dependent variable, and the interaction between the two variables, plus the controls specified in the
notes to Table 4 and block fixed effects. The plot shows 90% confidence intervals.
Table 11
Robustness — aspirations and motivation.

(1) (2) (3) (4) (5)
+Block FEs +Demog +SES +IPW Block cl.

Panel A: Bachillerato
Treat 0.130∗∗ 0.128∗∗ 0.135∗∗ 0.127∗∗ 0.135∗∗

(0.058) (0.057) (0.059) (0.060) (0.067)
Constant 0.246 0.357 0.292 0.536 0.292

(0.352) (0.355) (0.535) (0.575) (0.445)

𝑅2 0.26 0.36 0.46 0.48 0.46
Obs. 318 318 318 318 318

Panel B: College
Treat 0.002 0.008 0.023 0.022 0.023

(0.048) (0.048) (0.050) (0.052) (0.051)
Constant 0.998∗∗∗ 0.749∗∗∗ 1.105∗∗∗ 1.188∗∗∗ 1.105∗∗∗

(0.032) (0.167) (0.340) (0.362) (0.402)

𝑅2 0.24 0.33 0.42 0.41 0.42
Obs. 315 315 315 315 315

Panel C: Grit
Treat 0.064 0.060 0.075 0.043 0.075

(0.057) (0.063) (0.061) (0.061) (0.064)
Constant 3.422∗∗∗ 3.237∗∗∗ 2.594∗∗∗ 2.661∗∗∗ 2.594∗∗∗

(0.135) (0.185) (0.458) (0.454) (0.506)

𝑅2 0.21 0.27 0.36 0.45 0.36
Obs. 327 327 327 327 327

Panel D: High effort
Treat 0.098∗ 0.095 0.114∗ 0.105∗ 0.114∗

(0.054) (0.058) (0.061) (0.063) (0.067)
Constant 0.935∗∗∗ 0.922∗∗∗ 0.272 0.325 0.272

(0.047) (0.171) (0.458) (0.459) (0.493)

𝑅2 0.25 0.30 0.40 0.43 0.40
Obs. 321 321 321 321 321

Panel E: Motivation school
Treat −0.003 −0.003 0.005 0.008 0.005

(0.017) (0.018) (0.018) (0.020) (0.021)
Constant 0.863∗∗∗ 0.875∗∗∗ 0.716∗∗∗ 0.789∗∗∗ 0.716∗∗∗

(0.068) (0.095) (0.184) (0.188) (0.161)

𝑅2 0.24 0.31 0.42 0.41 0.42
Obs. 317 317 317 317 317

Notes: Significance levels are indicated by * < .1, ** < .05, *** < .01. Heteroskedasticity-
robust SE in parenthesis. Controls for specifications in columns 1–5 are as described
in the notes to Table 9.
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Table 12
Robustness — socio-emotional outcomes.

(1) (2) (3) (4) (5)
+Block FEs +Demog +SES +IPW Block cl.

Panel A: Wellbeing index
Post × Treat 0.019 −0.016 0.002 −0.058 0.002

(0.114) (0.107) (0.108) (0.105) (0.113)
Constant 7.554∗∗∗ 7.332∗∗∗ 5.818∗∗∗ 6.077∗∗∗ 5.818∗∗∗

(0.355) (0.529) (0.688) (0.713) (0.517)

𝑅2 0.56 0.60 0.64 0.65 0.64
Obs. 679 679 679 679 679

Panel B: School satisfaction
Post × Treat 0.288∗ 0.320∗∗ 0.292∗ 0.297∗ 0.292∗

(0.157) (0.159) (0.165) (0.171) (0.167)
Constant 5.746∗∗∗ 5.827∗∗∗ 4.803∗∗∗ 4.709∗∗∗ 4.803∗∗∗

(0.571) (0.744) (1.058) (1.087) (0.894)

𝑅2 0.17 0.23 0.29 0.33 0.29
Obs. 666 666 666 666 666

Panel C: Locus of control
Post × Treat −0.060∗ −0.063∗ −0.063∗ −0.063∗ −0.063∗

(0.034) (0.035) (0.036) (0.037) (0.038)
Constant 0.589∗∗∗ 0.507∗∗∗ 0.216 0.269 0.216

(0.072) (0.077) (0.187) (0.192) (0.223)

𝑅2 0.18 0.24 0.29 0.34 0.29
Obs. 673 673 673 673 673

Notes: Significance levels are indicated by * < .1, ** < .05, *** < .01. SEs clustered at
the individual level in parenthesis. Controls for specifications in columns 1–5 are as
described in the notes to Table 9.

enough volunteer applications in order to fully implement this third
treatment arm, we included them in the randomization and eventually
19 students were taught by such volunteers. Tables A4 to A7 in the
online appendix show results when excluding volunteer tutors. Point
estimates tend to be slightly higher for our main results on academic
achievement, which is consistent with evidence showing that profes-
sional tutors are more effective than volunteers (Nickow et al., 2020).
Apart from differences in experience and qualifications as a potential
explanation for why volunteers may be less effective, we find that in
our program volunteer tutors delivered on average three fewer sessions
and 200 min less of tutoring than professional, paid-for tutors. This
confirms one of the main concerns with volunteers: a possible lack of
commitment, which is likely to be less of a problem for paid tutors.
However, we cannot draw any strong conclusions from this evidence
given the small number of students tutored by volunteers.
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Table 13
Comparison of specifications.

Standardized
test score

Good at
math

Good at
Spanish

Wellbeing
index

School
satisfaction

Locus of
control

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

DID
Lagged

dep. var DID
Lagged

dep. var DID
Lagged

dep. var DID
Lagged

dep. var DID
Lagged

dep. var DID
Lagged

dep. var

Treat −0.092 0.166 0.022 −0.050 −0.000 −0.004 0.151 0.192∗∗ −0.043 0.250 −0.010 −0.063∗

(0.102) (0.128) (0.045) (0.047) (0.055) (0.055) (0.105) (0.095) (0.162) (0.154) (0.032) (0.034)
Post 0.103 0.059 0.006 −0.143 −0.133 0.030

(0.112) (0.037) (0.051) (0.098) (0.129) (0.027)
Treat × Post 0.260∗ −0.028 0.014 0.002 0.292∗ −0.063∗

(0.146) (0.049) (0.066) (0.108) (0.165) (0.036)
Constant −0.624 −1.415 −0.547∗ 0.118 0.241 0.337 5.818∗∗∗ 2.530∗∗∗ 4.803∗∗∗ 1.165 0.216 0.321

(0.546) (0.876) (0.314) (0.331) (0.371) (0.402) (0.688) (0.847) (1.058) (1.242) (0.187) (0.271)

Mean dep. var. −0.01 −0.01 0.25 0.31 0.55 0.57 6.23 6.12 5.47 5.35 0.60 0.64
SD dep. var. 1.00 0.99 0.43 0.46 0.50 0.50 1.50 1.25 1.35 1.52 0.30 0.31
𝑅2 0.30 0.43 0.36 0.56 0.27 0.55 0.64 0.77 0.29 0.65 0.29 0.53
Obs. 679 328 659 318 660 319 679 328 666 319 673 325
Diff. coefficients (S.E.) −0.093 (0.107) −0.022 (0.033) −0.018 (0.048) 0.190 (0.078) −0.042 (0.116) 0.000 (0.026)
𝑃 -value of difference 0.384 0.500 0.707 0.015 0.714 0.985

Notes: Significance levels are indicated by * < .1, ** < .05, *** < .01. Robust SEs in parenthesis for the lagged dependent variable specification and clustered SEs (at the
individual level) for DID specifications. The table shows the coefficients from regressions of the form specified in Eqs. (1) and (2). All regressions include block FEs and
control for student age, grade, gender, region, a dummy indicating school meal eligibility, dummies for math grade categories ‘‘ fail’’, ‘‘pass’’ and ‘‘good’’(self-reported by
student) in the first term of the academic year, a set of dummy variables indicating the frequency of online lessons during school closures in April and May 2020, a dummy
indicating whether the student had a tablet or computer at home before the program, a dummy indicating whether the student was receiving other tutoring before the
program, categorical variables indicating the language spoken at home, parental education, household income, and household composition, an indicator for whether the
responding parent is a single parent, and a dummy variable indicating whether the parent is of Spanish origin. Additionally, columns 2, 4, 6, 8, 10 and 12 control for the
lag of the dependent variable (measured at baseline).
Fig. 6. Counterfactuals
Note: This figure shows the share or treatment and control group students who received (i) the Men𝜋ores program, (ii) another tutoring or academic support program in math,
nd (iii) another tutoring or academic support program in another subject. Sample of students whose parents responded to the endline survey.
.4. Contamination of control group

In response to the pandemic school closures, many governments
aunched additional support programs to close learning gaps that
merged during lockdowns. Such competing programs were also
aunched in Spain around the same time as ours, which constituted

risk of contamination of the control group. To check whether this
as likely a problem, during the endline survey we asked parents
hether students had received any other tutoring or academic support
rogram in math or other subjects during the period while Men𝜋ores
as implemented. Indeed, as Fig. 6 shows, nearly 40 percent of control
roup students received some other tutoring or academic support in
ath, compared to only around 12 percent of the treatment group.
he control group was also more likely to have received additional
upport in another subject, indicating that schools and/or parents might
ave compensated control group students with other offers. It is also
19
possible that the process of initial identification of students in need for
individualized support in math made parents more aware of the needs
of their children and ended up prompting them to seek more support,
especially if they were not selected for participation in Men𝜋ores.
Overall, these findings suggest that our impact estimates could be
interpreted as lower bounds.

7.5. External validity

Our program was specifically targeted at schools in disadvantaged
areas, which means that our sample is not representative of the popu-
lation of Spanish 7th and 8th grade students as a whole. To get a sense
of how students at participating schools compare to our schools, on-
line appendix Table A8 shows summary statistics of learning outcome
indicators and socio-economic characteristics, separately for the entire
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population of schools in the region of Madrid and for those schools
that participated in our experiment.23 In column 1 we can see that
the ESCS index, measuring student socio-economic status, of schools
participating in the program is half a standard deviation below the
regional average, approximately placed in the 25th percentile in the
overall socio-economic distribution. Columns 2 to 5 show that students
in participating schools were on average much lower performing, by
between 73 (Spanish), 16 (Math), 90 (English) and 74 (Social subjects)
percent of a standard deviation with respect to the regional average.
Participating schools also have a lower overall share of children born
to Spanish parents. Overall, students at our participating schools are on
average lower performing and more disadvantaged than the average
population of students in Madrid. This should be kept in mind when
interpreting our results.

An additional external validity concern is related to the opt-in
nature of the program. The effects we find apply to children whose
parents are motivated enough to actively register them to after-school
tutoring. However, it is well-documented that many remedial programs
targeted at low-performing, marginalized children and youth do not
tend to reach those who most need them (Robinson et al., 2022). While
registration to our program was voluntary, our implementation partner
went to great lengths to ensure parents registered the children that
had previously been identified by their teachers or school principals
as in need for additional support. This included information desks with
computers in schools and hands-on help with online registration. While
this might have encouraged participation among parents that would
have otherwise not undertaken the effort to register their children,
after-school, opt-in programs will unlikely reach the same population
as during-school, pull-out tutoring.

8. Conclusion

Governments and international organizations around the world still
struggle to find efficient and scalable interventions to close educational
gaps. The pandemic crisis contributed to widening those gaps. But it
also opened up the possibility to implement new online tutoring for-
mats. While face-to-face tutoring has been widely evaluated, very little
experimental evidence exists on the effectiveness of online tutoring
programs for secondary school students.

In this study, we show that in a normal schooling environment,
our 100-percent online intensive tutoring program in small groups of
two students improved academic outcomes and aspirations of socially
disadvantaged students. The 8-week program significantly increased
standardized test scores (+ 0.26 SD), end of year math grades (+0.49
SD) and the probability of passing the subject (by about 30 percent
with respect to the control group mean), while reducing the probability
of repeating the school year (by about 74 percent with respect to the
control group). In terms of non-academic outcomes, the intervention
significantly contributed to raising aspirations. Students assigned to
treatment were 13.5 percentage points more likely to state that they
would go to the academic track after compulsory schooling. Although
not robust to adjusting for multiple hypothesis testing, we also find
a 11.4 percentage points increase in the likelihood of stating that
treatment students exerted high effort at school always or most of the
time. They were also significantly more likely to say they were satisfied
with school.

Our results are highly relevant to inform on how to design effective
policy responses to reduce educational inequalities. Online tutoring
programs have the advantage of reaching children at a lower cost and
can be provided to any child with an internet connection, including
those in remote places where traditional tutoring programs are harder
to deliver. Moreover, our two-students-per-tutor format has the benefit

23 We cannot do the same exercise for the schools in Catalonia as we do not
ave access to school level statistics for that region.
20
of being more cost-effective than other alternatives with professional
teachers, such as face-to-face small groups or one-on-one online pro-
grams. Beyond this, global private tutoring is projected to grow at an
annual rate of 9 percent per year between 2022 and 2027, mostly due
to the larger growth of its online segment. A policy strategy of publicly
funded tutoring could contain and respond to this growing demand
for more personalized services among middle-classes (Report Linker,
2022), and may be especially relevant for lower-income or lagging
students in order to contain widening educational gaps.

In terms of implementation, a key advantage of the online format
is that attendance can be tracked in real time and one can react with
action plans immediately when students are starting to lag behind or be
absent. In our experiment, this ability might have been one of the rea-
sons explaining the high attendance rate of the program, in spite of its
intensity (three sessions per week) and the fact that most participants
came from highly disadvantaged backgrounds. When thinking about
implementing such a program at a larger scale, these considerations
are important, as data driven monitoring is a key advantage of online
programs.

A potentially major challenge for the implementation of a program
like ours at scale is reaching students from disadvantaged backgrounds
in need of additional learning support. In the context of opt-in, on-
demand tutoring it has been shown that take-up tends to be very low,
but that it can be improved substantially by targeted communications
to parents and students (Robinson et al., 2022). In our study, principals
and teachers at participating schools provided hands-on support for
families to ensure they filled out the registration forms. We also had
a highly motivated team communicating actively with the schools that
showed interest in the program. At a larger scale, it is not obvious that
such personalized support would be possible. Additionally, during the
time our intervention took place, families and students were likely more
receptive to additional support programs due to the dramatic impact of
the pandemic on learning. It is not clear that in the present context the
level of interest and motivation would be equally high. More research
is needed to understand how take-up of opt-in educational resources,
such as our after-school online tutoring, can be increased.

As regards to external validity, one of the main contributions of
our study is that the program was implemented while schools were
open, thus providing a complement to formal schooling, which is closer
to a normal setting, and hence may depict what can be a promising
avenue of intervention to support students in educational or social
disadvantage.

A potential limitation of our design for large scale programs might
be the secular shortage of qualified math teachers (Santiago, 2002).
To what extent is it possible to select and train a large workforce of
medium to highly qualified tutors? Although the online nature may
help bridge the gaps between supply and demand in local labor mar-
kets, this policy will require creating professional pathways for tutors,
assuming that tutoring will usually be a part-time job, that it will not be
a lifetime career, and that it will require a social commitment towards
vulnerable students in the system. The most likely candidates could be
undergraduate and graduate students with interest in education and
social change, recent graduates aiming for job opportunities or retired
teachers aiming at contributing to their communities.

For future research, it will be relevant to explore in more detail the
mechanisms driving our results: tutor characteristics and interactions
with students, the type of training received or the number of students
per tutor. It will also be important to explore whether the positive
results of online tutoring shown here hold in different contexts: with
primary school students, with variations in socio-emotional support or
focusing on other subjects, such as reading. Also, it would be interesting
to explore in more detail the potential benefits of small-group positive
peer dynamics in online teaching. The remarkable academic effect of
the program as well as the high attendance rates – the median number
of completed sessions was 20 out of a target of 24 – indicate that

our two-on-one design might have helped to mitigate some of the
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shortcomings found in the literature in online education, such as a
lack of perseverance and motivation (Escueta et al., 2020). Likewise,
it would be interesting to explore the effect of introducing comple-
mentary technologies, such as adaptive software with high quality
content, asynchronous interactions with tutors through chats or even
more advanced AI bots, to support tutors in teaching and students in
learning.
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Appendix A. Sample questions

A.1. Math test

Example for grade 7. Solve the following equation for 𝑥 and simplify
the solution if possible. You must write down the entire procedure.

• 3𝑥 + 5(𝑥 − 3) = 4𝑥 − 2(𝑥 − 5)

□ 𝑥 = 1
2

□ 𝑥 = 5
6

□ 𝑥 = 6
25

□ 𝑥 = 25
6

xample for grade 8. Solve the following equation for 𝑥:.

• 𝑥2 + 2𝑥 − 15 = 0

□ 𝑥 = −3, 𝑥 = 5

□ 𝑥 = 3, 𝑥 = −5

□ 𝑥 does not belong to the set of real numbers
□ 𝑥 = 31, 𝑥 = −33

.2. Questions on socio-emotional skills, well-being and aspirations

rit. Here are a number of statements that may or may not apply to
ou. There are no right or wrong answers, so please answer truthfully,
onsidering how you compare to most people. Indicate one of ‘‘Very
uch like me’’, ‘‘Mostly like me’’, ‘‘Somewhat like me’’, ‘‘Not much like
e’’, and ‘‘Not like me at all’’.

• New ideas and projects sometimes distract me from previous ones.
• Setbacks don’t discourage me. I don’t give up easily.
• I have been obsessed with a certain idea or project for a short

time but later lost interest.
• I am a hard worker.
• I often set a goal but later choose to pursue a different one.
• I have difficulty maintaining my focus on projects that take more

than a few months to complete.
• I finish whatever I begin.
• I am diligent. I never give up.

ocus of control. For each of the following questions, mark ‘‘Yes’’ or
‘No’’:

• Do you usually feel that it’s almost useless to try in school because
most children are cleverer than you?

• When bad things happen to you, is it usually someone else’s fault?
21

• Do you tend to get low grades, even when you study hard?
Well-being. On a scale from 1 to 7, where 1 means ‘‘not happy at all’’
and 7 means ‘‘completely happy’’, how do you feel about the following
parts of your life?

• Your school work
• The way you look
• The school you go to
• Your friends
• Your life as a whole
• Think about the period of lockdown during Covid-19. How did

you feel during that period?

Aspirations. What are your plans after you complete compulsory school-
ing?

• Select one option:

□ Vocational education

□ Continue studying (Bachillerato)

□ Find a job

□ I don’t know

• Mark ‘‘Yes’’ or ‘‘No’’:

– Would you like to go to college in the future?
– If so, do you think it would be possible?

otivation for school. How often do you... (indicate one of ‘‘always’’,
‘most of the time’’, ‘‘sometimes’’, ’’never)

• ...put effort into school?
• ...find school interesting?
• ...feel that school is a waste of time?

requency of homework. Thinking about last May, how much time did
ou devote to schoolwork per day on average? Select one option:

□ Less than 15 min

□ 15–30 min

□ 30–60 min

□ 1–1.5 h

□ 1.5–2 h

□ 2–2.5 h

□ More than 2.5 h

nterest in math and reading. How much do you like the following
ubjects? Select one option:

• Spanish/catalan language:

□ A lot

□ Quite a bit

□ I somewhat like it

□ A bit

□ I don’t like it at all

• Math:

□ A lot

□ Quite a bit

□ I somewhat like it

□ A bit

□ I don’t like it at all

https://github.com/chupkau/menttores_replication
https://github.com/chupkau/menttores_replication
https://github.com/chupkau/menttores_replication
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