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Abstract

A randomized evaluation in Chile finds that providing a 3-month program of small
group tutoring to fourth graders using college student volunteers raise language scores and
measures of attitudes towards reading for some subgroups of the population. In partic-
ular, students from low-performing and poor schools in areas in which the program was
implemented increased their performance in a reading test by between 0.15 and 0.20 stand-
ard deviations and improved significantly their self-perceptions as readers. We also present
cost-effectiveness analyses and find that for the students for which the program was effective
the program was in the range of the current estimates.

Keywords: remedial education, tutoring, short-term programs, randomization.

JEL codes: 121, 128, O15

*Authors’ email address: jcuesta@povertyactionlab.org, vcabezag@puc.cl, and fgallego@uc.cl. Randomized
evaluations like this require the contributions of a large number of people. While it would be impossible
to recognize everyone who made a contribution to this project, we would like to thank Martin Canessa for
superb field work, Ryan Cooper for useful comments, Daniela Guzmén for help with the implementation of the
evaluation, and several members of the Ministry of Education of Chile and "Fundacién de Superacién de la
Pobreza" of Chile for providing data and qualitative information on the project. We are also grateful to the
Ministry of Education of Chile and Fondecyt (Grant # 1100623) for funding support. The usual disclaimer
applies.



1 Introduction

The improvement of the education outcomes of students from low-performing, poor schools is
probably one the most important and debated topic among both policymakers and academi-
cians. One view is that late interventions are inefficient, and even ineffective, given that the
socioeconomic background of the students is too low to attain good results and/or early human
capital investments were too low (eg., Carneiro and Heckman, 2003). A somewhat related view
adds that interventions focused on low-performing, poor students to be effective or efficient
need to be long-term interventions affecting multi-dimensional dimensions. In contrast, some
literature finds that it is possible to improve the educational skills of children even after a few
months using interventions that target attention to each kid (eg. Banerjee et al., 2007 and
Banerjee and Duflo, 2011).

In this paper we present evidence from a randomized evaluation of a small group tutor-
ing program applied to fourth graders from relatively poor backgrounds from September to
December 2010. The program is called Servicio Pais en Educacion (SPE). The tutors were col-
lege students from different backgrounds that received small stipends to finance transportation
costs. The program was allocated among 85 (6136) schools (students) in two Chilean regions
using a stratified randomization (the strata are county, socioeconomic group and pre-treatment
language test scores in a national exam). 45 (3171) schools (students) were selected to receive
the treatment (of whom 87% accepted to received the treatment). The control group to the
40 (2965) remaining schools (students).

The program main object is to improve attitudes towards reading and through that improve
reading outcomes. One key factor of the program is the link created between the student
and the tutor.! The program original design consisted of 15 90-minute sessions in which the
volunteers would read with students a group of texts suitable for 4th graders. However, the
actual implementation of the program varied in the two regions in which we developed the
evaluation. In one region (the Great Santiago region), there was a high volunteer turnover
and in general one volunteer was allocated to groups of about 8 students. This implied that
each student tended to be tutored by about 3.5 different volunteers. In contrast, in the second
region (the Bio-Bio region) the volunteer turnover was relatively smaller than in the Great
Santiago region and the program managers allocated pairs of volunteers by student group.
Therefore, in this region students were tutored by just two different tutors. This was the most

important implementation difference among the two regions and, as expected, the impact of

L A related version of the program has been implemented in Chile since 1999 by the Fundacién de Superacién
de la Pobreza, our partner institution, and corresponds to a program motivated by the Perach program that has
been implemented in Israel 1974 (with about 30,000 volunteers tutoring about 60,000 students in 2008). See
Carmeli (2000) for a more detailed description of the program.



the program was bigger in the Bio-Bio region given that the main hypothesis of the program
had to do with the role of the tutor in creating a link with the tutored students. However,
given that the differences in the implementation of the program were not randomly allocated
across groups we leave this explanation only as suggestive evidence.

Our intention-to-treat and treatment-on-the-treated estimates suggest that the students
intended to be treated or treated do not increase cognitive and non-cognitive performance
with respect to students in the control group. However, we do find significant effects in both
cognitive and non-cognitive outcomes of students of some sub-sets of the population. Students
from the poorest schools in the Bio-Bio region and students from the lowest performing schools
in the same region presented significantly increases in both cognitive (specifically in the reading
comprehension and use of language portions of a reading test we applied to students) and non-
cognitive (specifically in the self-perception as reader portion of an instrument to measure
attitudes toward reading we apply to students) skills. Moreover, we also present supporting
evidence in which we observe a positive correlation because the cognitive and non-cognitive
skills studied in this evaluation, giving support to the main hypothesis of the program.

We also present cost effectiveness analyses in which this program does not seem to be
much more expensive per increase in test scores (for students with positive outcomes) that
other programs aimed at increasing student learning, even though the intervention was very
short-lived.

This evaluation relates mainly to two branches of the literature of impact evaluation of
educational policies. First, some papers study the impact of programs aimed at remedying
educational problems using non-teaching staff (in some cases tutors).? Banerjee et al. (2007)
evaluate the impact of the randomized introduction of balsakhis —young women working as
assistant teachers with no formal teaching training— that worked separately with students
lagging behind over school hours. Students in this program increased their test scores by 0.14
standard deviations (o from here on) in the first year, and 0.28 in the second year, with the
weaker students gain the most. Baker et al. (2000) evaluated the Start Making a Reader Today
(SMART) program in which volunteers tutored in a one-to-one basis first and second graders
with two 30-minute sessions a week for six months over two years. The students selected into
the program from poor schools in Western Oregon and have low reading skills and relatively
little reading experience with adults or others at home. Treated students increased their
performance by between 0.30 and 0.400. Banerjee et al. (2010) evaluate the training of young
college volunteers to improve the learning of children using evening sessions outside schools.

After three months the program was implemented, while all participants students could at

2We just mention RCTs and not quasi-experimental evidence in our discussion of the impact evaluation
literature on this topic.



least recognize some letters, only 40% of students in the control villages could do that (and
conditional on being able to recognize some letters, they were 26% more likely to read a short
story than comparison students). Morris et al. (1990) evaluate the Howard Street Tutoring
Program, developed as an after-school program in a poor area of North Chicago with volunteers
(going from undergraduate students to mothers) helping second and third graders presenting
difficulties in reading in a one-to-one basis. After one and two years of the program (with an
annual average of 50 hours of tutoring), treated students presented improvements of between
0.40 and 1.77¢ with respect to control group. Wasik (1998) describes the School Volunteer
Development Project in Dade County, Florida in which community volunteers helped second
through sixth graders having difficulty in reading for a half hour a day four or five times a
week. After one year of intervention, treated children performed about 0.50c0 above untreated
children. The program studied in this paper contrasts with all these evaluations in that (i) it
is much shorter, (ii) it is based at the school and treats all students of a specific grade in the
school.

The second branch of the literature related to our paper identifies significant short-run
effects of educational interventions. For instance, Rockoff and Turner (2010) present evidence
using an RDD that students from New York City schools facing the threat of potential closure
in September 2007 if they did not increase tests scores improved student achievement by
January (English) and especially March (Math). The increase in achievement corresponds
to about 0.050. Giving the timing of the threat, this study captures probably just efficiency
improvements of schools. More related to our subject of analysis, Abeberese et al. (2010) uses a
randomization to study the impact of a very-intense 31-day reading marathon in the Philippines
in which fourth graders receive reading material accurate for their age and are encouraged to
read as many books as possible through daily, in-school activities. The complete program
takes four months. Treated students increase their reading performance by 0.120 (0.060)
immediately after the program (three months later). Also related to this literature are the
paper by Banerjee et al. (2010) already discussed above in which a three-month program
improves the reading skills of low-achieving kids in India. Hence, these three papers suggest
that reading outcomes can be improved in a short period of time. The program we study is
also a short-term intervention and therefore comes to supplement this literature.

The remainder of the paper is organized as follows. In section 2, we describe the SPFE
program in detail, while section 3 describes the evaluation design, the data collection instru-
ments and the statistical methods used later to estimate the impact of the program. Section 4
displays some descriptive statistics regarding balance between groups and process information

regarding the functioning of the program. In section 5, we present and discuss the results of



the evaluation, while section 6 displays cost effectiveness calculations for the program. Finally,

section 7 concludes.

2 The Program

The SPE program emerged from a partnership between the Chilean Ministry of Education
(Mineduc) and the Fundacion para la Superacion de la Pobreza (Poverty Alleviation Founda-
tion, FSP) and was first implemented during the period between September and December of
2010. During this first implementation, SPE treated 2,749 students from 39 vulnerable schools.

The main objective of the program was to improve both attitudes toward reading (IR) and
reading comprehension (RC) in 4th graders from vulnerable schools. Additionally, the program
aimed at intervening in two additional dimensions: to generate new learning environments in
which to implement the program, being this aspect influenced by the earthquake that affected
the central region of Chile in February, 2010. Secondly, SPE intended to include college
students as direct intervention agents. In this evaluation, we only answer the questions related
to the impact of the program on IR and RC, but we do not answer questions related to both
the program methodology and the volunteers that implemented the program.

The methodology by which SPE seek to accomplish its objectives was by implementing 15
weekly sessions with a duration of 90 minutes, in which a class was split in small groups of
between 5 and 6 students assigned to a tutor, which was a volunteer recruited by FSP. The
sessions include a set of activities regarding group reading of traditional stories and informative
texts. The sessions followed a shared-reading instructional approach (or methodology) of
traditional stories and informative texts, which are age-and interest appropriate for students.?

The actual implementation of the program was managed by a paid employee of the FSP
which was inserted permanently in the intervened school. The ideas was that this professional
would verify the accurate implementation of the program and assist pedagogically the volun-
teers. As we discuss below, the actual implementation of the program was far from what was
initially planned by FSP.

The program targeted vulnerable schools of the central region of Chile. Particularly, for
this evaluation, it was offered to schools from ten counties in two regions of Chile,* in which
the families were classified as middle to low income, and which results in the language section

of a Chilean standardized test called SIMCE were middle to low too.> In the next section

3See Holdaway (1979) for a discussion on the motivation for using shared-reading.

4The 2010 version of the program also considered schools of two additional Chilean regions but these two
additional regions are not included in this paper because the allocation of schools to the program was not
random.

’The SIMCE (Sistema de Medicién de la Calidad de la Educacién) test is applied nationwide since 1988 to
more than 90% of students in a different grade each year (4th, 8th or 10th graders). The test includes language,



we describe certain constraints that determined the schools that were finally eligible for the

randomization of the program.

3 Experimental Design
3.1 Sample

On top of being a vulnerable school, a number of logistic restrictions were put by FSP. In
particular, we excluded all schools from counties in which the FSP either was not able to work
because they had no human resources in them or had already committed with some schools in it,
which made randomization impossible there. This reduced the number of counties from which
schools were included in the evaluation to 10: Santiago, Estacién Central, Lo Espejo, Maipt,
La Florida and San Bernardo from the Great Santiago region (Metropolitan Region, RM),
and Concepcién, Coronel, Hualpén and Talcahuano from the Biobio Region (VIII). In some
of those counties, an additional restriction was set in terms of the administrative dependence
of the schools, restricting us to include either only public schools (P) in some counties or only
private subsidized schools (PS) in other ones.

In addition, to fit the operational model designed by the FSP, each of the included schools
had to have at least 90 students in fourth grade.® Table 1 summarizes both the eligibility
restrictions and the eligible number of schools in each of the counties included in the sample.

Using this sample, schools were randomly assigned to treatment and control groups, strat-
ifying by county, socioeconomic group and SIMCE test scores. As the eligible school set was
larger than the number of required schools, only some of the schools assigned to each group
were included in the evaluation, decision that was random too. The remaining schools were
kept as replacement lists for the eventual rejection of schools to take part of the evaluation.
With the results of this assignment, schools were contacted and invited to take part of the
evaluation in their corresponding group. Five of them rejected the program but, except in two
cases, all of them accepted to be evaluated anyway. Additionally, two schools in the control
group rejected to be evaluated. All of these schools were randomly replaced by another schools
coming from the replacement lists.

The final composition of the evaluation sample is displayed by Table 1. The treatment and
control groups were finally composed by 45 and 40 schools respectively, grouped in 25 and 24
units. In section 4.1, we provide information regarding balance between groups to validate the

randomization procedure.

mathematics, science, and social science sections.

% As the number of schools that fit these size criteria was insufficient in some counties, we set an additional
eligibility criteria that implied that if two schools were less than 1 kilometer away between them, and the sum
of their fourth grade student was higher than 90, then that couple of schools could be included in the elegible
schools set too.



3.2 Data Collection

The data used for this evaluation was collected firstly through a baseline applied to the students
in before the start of the program (August, 2010) and a follow up applied after the program
finished (December, 2010). We included two instruments: one measuring formal reading skills
and the second measuring attitudes towards reading.

The reading instrument is Prueba de Comprension Lectora y Produccion de Textos (Reading
Comprehension and Texts Production Test, CLPT), which measures Reading Comprehension
(RC), Texts Production (TP), and use of Language (UL).” To measure attitudes towards
reading we use a short questionnaire called Gusto por la Lectura (Taste for Reading, GPL)
where we ask students several questions in four dimensions: Interest for Reading (IR), Self-
perception as a Reader (SPR), Enjoyableness for Reading (ER) and Perception of Reading at
School (PRS). These indexes move discretely between 0 and 3, where 0 is the most negative of
the offered alternatives and 3 is the most positive of the offered alternatives.®

We also collected information on the program operation, which was useful to understand the
reasons behind the heterogeneous impacts of the program in different subpopulations. First,
we monitored the implementation of the program with random visits to observe the actual
tutoring sessions. Second, we gathered administrative information about student, tutor, and
professional assistance to tutoring sessions and about the numbers of sessions received by each
student in the program.

Finally, we collected data from the Ministry of Education on both schools’ and students’
characteristics. Regarding schools, we collected data on Language and Math SIMCE test
scores, average mothers’ years of schooling, average household income, socioeconomic level,
a school vulnerability index (IVE), and administrative dependence. Regarding students, we
collected information on gender, grades for 2009 and school attendance for 2009 and 2010,

coming them from Mineduc records too.

3.3 Statistical Methods

The random assignment of the treatment across eligible schools allows us to estimate the effect
of the program just by comparing average outcomes of the treatment and the control group.
Additionally, we perform some statistical exercise in order to understand the relationship
between these two tests’ results.

Regarding CLPT scores, we simply run the following OLS regressions to estimate the

"Medina and Gajardo (2010) present a description of the test.
$We constructed the instrument motivated by previous research by McKenna and Kear (1990), McKenna et
al. (1995) and Ow (2004)



Intention to Treat (ITT) effect:
CLPTix = o+ BT + v X5 + €is (1)

where C'LPTy}, is the score of the student ¢, from the school s in the dimension &k of the CLPT
follow up test, T is a dummy variable that equals 1 is the school was assigned to be treated,
B} is the measure of the impact of the program in the dimension k of the CLPT test. Xj; is
a set of control variables at the student and school level, that are included in the regression
in order to increase the precision of the estimates (including school dependence and student
gender). Finally, €;5 is an error term in the regression, clustered at the school level.

In order to estimate the Treatment on the Treated (TT) effect, we estimate the following
IV regression:

CLPT;g = o+ B%TNis + 'YXis + €is (2)

where all the variables are the same as in equation 1, except por N;s, which is number of
sessions of the program received by student ¢, which stands as a measure of the intensity of
the program, and which we instrument using the intention-to-treat dummy 7 as an IV.
Finally, regarding GPL test scores regressions, they are, as previously discussed, ordered
variables. Thus, we use ordered logit models in order to estimate the impact of the program on
these dimensions, using a dummy for treatment assignment as a regressor for the estimation
of ITT effect, and the number of sessions of the program received by the student added to a

control function procedure to control for endogeneity for the estimation of the TT effect.”

4 Descriptive Statistics
4.1 Balance between Groups

In order to validate the random assignment of the program as a successful identification strategy
for estimating the impact of the program, we test for differences between the treatment and
the control group in several dimensions. First, we test for differences between groups in terms
of their characteristics at the school level, for which Table 2 display the results. No statistical
differences are found between groups in terms of household income, mothers’ years of schooling
and language and math SIMCE test scores.

Regarding students characteristics, we test for differences between groups in terms of grades
from 2009 and of school attendance during 2009 and 2010. Panel A in Table 3 displays the
results from these tests. Again, no statistical difference is detected between both group in
terms of these variables. Moreover, there were attriters in both treatment and control groups,

as students either did not attend to school the day in which the tests were applied or have

See Section 15.7.2 in Wooldridge (2001) for further details regarding this procedure.



dropped-out from the school. In order to assure the integrity of the experiment, we test for
differences in students’ characteristics in each of these groups. Panel B in Table 3 shows the
results of these tests for present, absent and retired students, ensuring that there were no
statistical differences between students into each of these groups, and indeed that attriters
from each group were not statistically different between them.

Given that baseline tests were applied before the beginning of the program, groups should be
balanced in that dimension too. Panels A and B from Table 4 respectively display the results
from these tests, showing that, again, there are no statistical differences between groups in

terms of baseline test scores, neither in CLPT nor in GPL.

4.2 Process Information

Along the implementation of the program, the FSP collected administrative data regarding
tutors and students attendance and pairings, which let us build four process indicators. These
four indicators are the number of sessions received by the student, the number of sessions
received by the school, students’ attendance to the program (measured as the ratio of the
sessions attended by the student and the sessions received by the school), and the average
number of different tutors that worked with each student, which we interpret as a measure of
tutor turnover.

As it can be noted from Table 5, there was substantial heterogeneity in the program imple-
mentation, with high variation of these indicators through schools, as shown by Panel A: there
was high variation in students’ attendance rates and sessions per student; different schools
were remarkably differently exposed to the treatment, with some of them receiving as much
as 15 sessions, which is what was initially planned in the program design, and other ones
receiving just nine; and different students were treated by substantially different numbers of
tutors through the program which, under the idea that personal relationships between tutors
and students influences the way the program works, might indeed affect the impact of the
program.

Moreover, this variation seems to differ both through regions and through schools’ depend-
ence, as displayed by Panel B in Table 5. This is noticeable in the numbers of different Tutors
per Student, which is remarkably higher for private subsidized school than for public ones, dif-
ference that is particularly high in region VIII. Among the other indicators, private subsidized

schools seem to do better than public ones, but the differences are not that relevant.



5 Results

In this section, we discuss the results first for cognitive abilities (the CLPT test) and then
non-cognitive abilities (the GPL test). In both cases, we present results for the full sample
and results for several subsamples of schools, considering school dependence, location, students’
vulnerability and academic achievement. Before presenting the treatment effects of the program
on non-cognitive abilities, we present a short detour and study the correlation between both
cognitive and non-cognitive dimensions in the baseline in order to improve the interpretation

of the GPL results.

5.1 Impact Results for Cognitive Abilities

The impact of the program is estimated separately!'” for the three dimensions measured by the
CLPT test using equations (1) and (2). Table 6 shows the results for both the ITT and TT

estimations for each dimension.

5.1.1 Reading Comprehension

Among the cognitive abilities measured by CLPT test, this is surely the most highly linked to
the program. Columns (1) and (2) of Table 6 shows the impact estimations results over RC.
Considering all the schools in the sample, the impact of the program on RC scores appears to
be positive, reaching 0.08¢ in the ITT estimation and 0.09¢ in the TT estimation. However,
in both cases the impact is only marginally significant, so we cannot rule out the chance that
the program had no impact on RC test scores.

Next, we look at the effects on several subpopulations of schools in the sample. First,
we study differences in the impact of the program between public (P) and private subsidized
(PS) schools. The impact is bigger for public schools (with 0.13¢ in the ITT estimation and
0.140 in the TT estimation).!! While both estimates are statistically significant, the impact in
the private subsidized schools is not different from 0. As we will explain later, this difference
might be explained by differences between these two kinds of schools either in terms of their
own characteristics or in terms of their students’ characteristics.

Second, given our previous discussion on the implementation of the program, we estimate
the impact of the program for the subsamples of schools located in each of the regions in
the evaluation. As said before, the program was implemented in a better way in the region

VIII that in RM, which explains the fact that the impact of the program is estimated to be

'""Even though student level correlations of CLPT test scores for these three dimensions are positive and of
considerable magnitude (0.35-0.50), they are significantly different from 1. This makes it reasonable to study
impacts in different dimensions separately.

"'The fact that ITT and TT impact estimates are similar in magnitude implies that the higher impact in
public schools is not due to the fact that there were more program sessions in those schools.



null in RM and as high as 0.17¢ and 0.21¢ in region VIII in the case of the ITT and TT
estimators, respectively (the first is statistically significant and the second is only marginally
significant). The magnitude of this impact is relevant by itself considering that the program
lasted only 4 months, as well as the difference between the impact among schools in both
regions is interesting too, in the sense that provides evidence for the relevance of the way
programs are implemented.

Third, we test differentiated effect by combinations of schools dependence and location.
We find that the impact is higher for public schools in both regions, as well as it is higher for
region VIII schools among both public and private subsidized schools. Indeed, the subpop-
ulation where the program reaches its highest impact on RC is the one of public schools in
the region VIII, where the ITT estimator of impact rises up to 0.21¢ and the TT rises up to
0.260. However, none of these results is statistically significant, so we simply interpret them
as suggestive rather than as quantitative evidence.

Fourth, we study whether the impact was different considering students characteristics.
We first divide the sample in schools with a high (High IVE) and low proportion (Low IVE)
of vulnerable students. Even though the point estimate is higher for schools that serve more
vulnerable students, none of the estimates is statistically significant. Second, we divide the
sample between those schools with high and low initial SIMCE test scores. In this case, the pro-
gram shows to have a strong impact on RC in schools with higher academic achievement, with
the ITT and TT estimates being 0.150 and 0.200, respectively. These results are interesting
because they imply that the higher estimated impact of the program on RC in public schools
is not due to the fact that they have more vulnerable students and worse initial academic
outcomes than private schools.

Finally, we estimate the program impact on RC in subpopulations of schools with high and
low students’ vulnerability and of high and low SIMCE test scores in each of the two regions.
In the first case, schools with higher vulnerability show to be impacted more strongly by the
program in both regions, with such impact being statistically significant only for such schools
in region VIII, where the it rises to 0.150 and 0.170 , respectively according to our ITT and
TT estimators. In the second case, we find a similar result , as even though impacts seem
to be larger in high SIMCE schools in both regions, the only subpopulation for which impact
estimates are statistically significant are the low SIMCE schools in region VIII. The ITT and
TT estimates for the program impact among those schools respectively reach 0.17¢ and 0.190.

Thus, the program seems to produce sizeable impacts on RC for some subpopulation,
which are particularly those that hold higher proportions of vulnerable students or those where

the program was better implemented. Moreover, those impacts are estimated to be of high

10



magnitude, specially when taking into account that the duration of the program was relatively

short.

5.1.2 Use of Language

The second learning dimension measured by the CLPT test was Use of Language, which
estimations’ results are shown by columns (3) and (4) of Table 6. This dimension might as
well had been somehow impacted by the program, but that was not a primary objective for
it to do so. Consistent with that fact, the impact of the program on UL is estimated to be
positive but both statistically and economically insignificant, with point estimates being as low
as 0.01o for both the ITT and TT estimations.

As with our RC estimations, we estimate the program impact for different subsamples
of schools. Estimating it separately for public and private subsidized schools shows that,
even though the impact is positive for public ones (0.050 according to both ITT and TT
estimates) and negative for private subsidized ones (—0.080 to both estimates), none of them is
economically significant. Effects in both regions are economically and statistically insignificant.
A similar pattern emerges when we consider the interaction of dependence and location.

Regarding the schools’ students characteristics, estimating in subsamples of schools with
different students’ vulnerability levels shows that the program had a positive but statistically
insignificant impact on the schools with high IVE, as well as a negative and statistically signi-
ficant impact on the school with low IVE, which is estimated to be of a magnitude of —0.07¢
and —0.09¢ by the ITT and TT estimates respectively, result for which is difficult to draw
an explanation. Regarding differences in schools’ students academic achievement, even though
point estimated differ substantially, with the program impact among low SIMCE schools be-
ing estimated as higher than the one among high SIMCE schools, no relevant differences are
detected between the impact of the program on UL among these two subsamples.

Finally, we check if the program impact varies through any of the interactions between
schools’ locations and the schools’ students characteristics measures, vulnerability and aca-
demic achievement. Regarding student’s vulnerability, while no statistically significant impact
is estimated among neither high IVE nor low IVE schools in RM, impacts with different signs
are estimated for schools in region VIII. For schools with a high proportion of vulnerable stu-
dents in such region, the program impact on UL is estimated to be 0.260 and 0.330 according
to the I'TT and TT estimates, while for schools with a low proportion of them in that re-
gion, such impact is estimated to be of —0.150 and —0.21¢ respectively. Regarding student’s
academic achievement, the only subsample among which a significant impact is estimated is
the one that includes low SIMCE schools in region VIII, for which the program impact, as
measured by our ITT and TT estimates, rises up to as high as 0.40c0 and 0.51¢ respectively.

11



In all, it is clear that even though the program shows no impact in several subsamples
of schools, it does show significant and strong impacts in some of them, which, remarkably,
are the same ones for which stronger impacts where found on RC, namely those region VIII’s

schools with high IVE and low SIMCE.

5.1.3 Texts Production

Results for the impact estimations on TP scores are shown in columns (5) and (6) of Table 6.
This is the learning dimension that is conceptually less likely to be impacted by the program
given the objectives and methodology used in the intervention. Indeed, the point estimates of
the program impact over all the schools in the sample are small in magnitude, only 0.040, and
statistically insignificant.

As for the other dimensions of the CLPT test, we estimate differential program impacts in
a series of subsamples. First, similarly to what we find for RC and UL, the estimated impact is
remarkably stronger in public than in private subsidized schools, reaching magnitudes of 0.08¢
and 0.090 according to our ITT and TT estimates—however, in both cases the estimated impact
is not statistically different from zero. In the same line, no statistically significant impact is
found when estimating separately for schools located in both regions in the evaluation.

Moving on to impact estimations in subsamples of schools with different students’ charac-
teristics, no statistically significant is found neither among schools with high and low propor-
tions of vulnerable students nor among schools with high or low academic achievement. Even
though, point estimates suggest that schools with a higher proportion of vulnerable students
were more strongly impacted by the program, with the ITT and TT estimations reaching 0.100
and 0.110, respectively.

Finally, we estimate the program impact on TP for subsamples of schools with different
students’ characteristics in different regions. This analysis shows that schools with high pro-
portions of vulnerable students in RM were positively impacted by the program, showing an
increase of 0.150 in their average TP scores, while schools in RM but with less vulnerable
students present no impact. The same happens with schools with high and low proportions of
vulnerable students in region VIII. Regarding schools with different levels academic achieve-
ment in both regions, no significant impact is found in any of the analyzed subsamples.

In all, the estimated effects of the program on TP show that effectively this was the cognitive
dimension on which the program had the smallest impacts. Even though, the pattern of the
impacts across different subsamples of schools is, excepting some subpopulations, quite similar

to what was observed for RC and UL previously.
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5.1.4 Discussion

Summarizing impact results over students’ cognitive abilities, the program has statistically
significant impact on certain subsamples of schools, particularly on public schools, located
in region VIII, with high proportions of vulnerable students and low academic achievement.
Additionally, it is clear that RC is, among the evaluated, the learning dimension that was more
clearly impacted by the program, which is meaningful in the sense that RC is precisely the
dimension that the program initially intended to impact.

Moreover, the magnitude of the estimated impacts, which for RC move between 0.140 and
0.170, according to ITT estimations and between 0.14¢ and 0.210 according to our T'T estim-
ates among different subpopulations, is notably high when comparing it to other educational
interventions in developing countries. In fact, as mentioned by Barrera-Osorio and Linden
(2009), the smallest impact estimations for educational programs on test scores in developing
countries are of 0.1250, which includes programs that are of much longer duration that SPE.

Finally, the fact that the program have no significant effects on some dimensions that are not
affected by the program implies that there were no externalities on other learning dimensions.
This is important because a focused program like this may have affected negatively non-treated

dimensions through a substitution effect. This does not seem to be the case in our sample.

5.2 Detour: Correlation between Cognitive and Non Cognitive Abilities

Before going to the estimated effects on non-cognitive dimensions, we present the correlation
between the different cognitive and non-cognitive dimensions. We do this in order to improve

the interpretation of the estimated effects.
In this section, we estimate simple OLS regressions of the students’ scores of each of the
dimensions of the CLPT test on the students’ scores in each of the dimensions of the GPL test:
CLPTik = a+ Y 8,GPLisg + v Xis + 115 (3)

g

where GPL;sq is the score of the student ¢ from school s in the dimension g of the GPL test,
and 4,4 is the conditional relationship between the score in dimension g of the GPL test with the
score in dimension k of the CLPT test.!? Even though this regression will not provide causal
effects, it will give us an idea the sign and size of the correlation between both dimensions,
which will be useful to interpret the results obtained for the impact estimations.!?

Using equation (3), we estimate correlations between each of the dimensions measured

by GPL test, namely IR, SPR, ER and PRS, and each of the dimensions measured by the

12For this regression, we use baseline test scores from both treatment and control groups and follow up test
scores for control group, as all those observations are not contaminated by the program.

3 Jensen and Lleras-Muney (2010) perform a similar exercise in order to understand impact mechanisms in
the context of a different educational intervention.
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CLPT test. Results for these regressions are shown by Table 7, in which results for simple
and conditional correlations between the different variables are provided. In general terms,
what these results suggest is that SPR and PRS are the two dimensions of GPL that are more
closely linked to results in the different dimensions measured by the CLPT test. In contrast,
ER shows to have a null, or even negative, correlation with those measures, while IR does
not show a clear pattern for such relationship. It is true that some of these results may be
simply due to collinearity among GPL variables, but we still think they are informative of the
relationship among both dimensions.

These results suggest that some of the non cognitive measures taken from GPL test are
more strongly correlated than other ones with learning outcomes measured using the CLPT,
which is important to check if these kind of abilities can serve as an intermediate mechanism

to cause impact on learning outcomes.

5.3 Impact Results for Non Cognitive Abilities

In this section we present program effects on non-cognitive abilities. We proceed as with
cognitive abilities: we analyze separately each of the four dimensions measured using the GPL
test.!* Tables 8 to 11 present the results for both the ITT and TT estimations for each

dimension, where coefficients are the marginal effects of the estimated logit specifications.!®

5.3.1 Self Perception as a Reader

This is a dimension of GPL that appears to be closely linked to cognitive results, as shown
previously in section 5.2, which suggests that impact results should be similar in this case to
the findings for cognitive abilities discussed previously in section 5.1. Indeed, Table 8 show
that the estimated impact on SPR is positive, although not statistically significant. Basically,
what the program seems to be doing is to move students’ self perception as readers from lower
levels to higher ones.

When considering different subgroups of the population, results show that the program does
not significantly impact students’ SPR in private subsidized schools, but that it does impact
those in public schools. In fact, public schools that were treated by SPE show reductions
in the proportion of students in low levels of SPR, reducing by 17% and 12% respectively
the probabilities of being in CAT0 and CAT1, and increases in the proportions of them in
higher levels of SPR, increasing the probabilities of being in CAT and CAT 3 by 3% and 15%

' Analogously to cognitive abilities, student level correlations of GPL test scores for these four dimensions
are positive (0.13-0.52), but they are significantly different from 1.

5For each dimension of the GPL test, test scores are grouped for each student in four categories, among
which CATO is the minimum, CAT3 is the maximum and CAT1 and CAT2 are intermediate categories.
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respectively according to our ITT results.'6

There are also regional differences, reflecting differences in actual program implementation.
While the impact among schools in the RM region is nil, we estimate a strong impact in region
VIII a, which again shows that the program move relevant proportions of treated students
from the lowest level of SPR to the highest one. Regarding the magnitude of this impact,
ITT results show a decrease in the probabilities of being in CAT0 and CAT1 of 22% and 15%
respectively, as well as an increase in the probabilities of being in CAT2 and CAT3 of 4% and
20% respectively.

Estimating the program in subsamples of public and private subsidized schools in both
regions reinforces the results previously obtained, thus showing that the strongest impact of
the program on SPR is observed in public schools in region VIII, with our I'TT estimates
showing significant reductions in the probabilities of being in CATO0 and CAT1 of 34% and
25%, as well as significant increases in the probabilities of being in CAT2 and CAT3 of 4% and
30% respectively. Additionally, we estimate a significant negative impact of the program on
SPR for the subsample of private subsidized schools in RM, result for which there is no clear
explanation.

Regarding schools’ students characteristics, even though schools with lower academic achieve-
ment seem to have had been more favorably impacted by SPE in terms of SPR, no statistically
significant differences are observed between schools with high an low SIMCE test scores. In
terms of students’ vulnerability, we estimate that schools with high proportions of vulnerable
students present a statistically significant impact of SPE. In such subsample, our I'TT estim-
ates show that the probabilities of students being in CAT0O and CAT1 of SPR were reduced
by the program in 16% and 11% respectively, while their probabilities of being in CAT2 and
CAT3 were increased by it in 3% and 15%.

Finally, estimating the program impact on SPR in subsamples of schools with different
students’ characteristics in different regions reinforces the previously discussed results. VIII
region schools with low academic achievement show significant positive impacts on SPR, which
magnitude is remarkably high. ITT estimations results imply reductions in the probabilities
of being in CATO0 and CAT1 of SPR of 129% and 81% and increases in those of being in CAT2
and CAT3 of SPR of 18% and 79% respectively.!” We obtain a similar result for schools with
more vulnerable students: ITT estimates imply a decrease of 106% and 68% in the students’

probabilities of being in CATO0 and CAT1 of SPR and an increase of 15% and 68% in the

16We only present ITT estimates when discussing the size of the effects in this section of the paper to save
space. The TT estimated effects of increasing the number of sessions per student by one-standard deviation
yield very similar effects to the ITT effects discussed in the main text of the paper.

17 A small negative impact of the program on SPR in RM schools with low SIMCE test scores explains why
we find no significant impact on the subsample including all low achievement schools, as discussed above.
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probabilities of being in CAT2 and CAT3 of SPR.

Thus, students’ self perception as readers was strongly impacted by the program in several
subsamples of schools, particularly in those where SPE was well implemented, with higher
students’ vulnerability levels and lower academic achievement. This is consistent with the
correlations we present in section 5.2. These facts might be interpreted as that SPR is an
indirect mechanism through which RC can be impacted by programs like SPE, and thus that
improving the way in which children perceive them as readers might be an effective way to
improve their achievement in reading. This is the actual interpretation of FSP (the NGO that
designed the program). Another interpretation is that cognitive improvements cause the raise
in students’ self perception as readers. Unfortunately we do not have data to test among this

two hypotheses.

5.3.2 Enjoyableness for Reading

The second non-cognitive outcome that we measure through the GPL test is ER, which, as
discussed in section 5.2 does not have a clear relationship with the cognitive outcomes measured
by CLPT. We present results for program impact estimations on ER in Table 9. Program
impact estimations over the full sample of schools show that in average, the program has
neither a statistically nor an economically significant impact.

Even though, when estimating the program impact on ER in different subsamples of schools,
we find a few noteworthy cases. First, regarding school dependence and in contrast to the other
outcomes discussed so far, the program only impacted significantly ER in private subsidized
schools. The magnitude of such impact according to our I'TT estimates is of a decrease in
the probabilities of students being in CAT0, CAT1 and CAT2 of ER of 27%, 24% and 10%
respectively and an increase in the probability of them being in CAT3 of ER of 14%. Regarding
implementation differences, similarly to what was find for SPR, while we find no impact for
RM schools, the program has a significant positive impact on VIII region schools. ITT results
show that SPE reduced the probabilities of students being in CAT0, CAT1 and CAT2 in 18%,
16% and 8%, while it increased the probability of them being in CAT3 by 9%. Both of these
results are confirmed when estimating into subsamples of schools of each kind of dependence
in each region, estimations that deliver as result that the program’s impact on ER was highly
focused on private subsidized schools in VIII region.

We also estimate a positive impact on ER for schools with lower proportions of vulnerable
students. According to our ITT estimations, this impact is estimated to cause a decrease
in the probabilities of the students being in CAT0, CAT1 and CAT2 of 25%, 22% and 9%
respectively, and an increase in the probability of them being in CAT3 of 13%. This effect
is reinforced when we estimate in the subsample of high IVE schools in RM, for which ITT
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results for such changes in probabilities are -31%, -27%, -11% and 16% respectively. Regarding
differences between schools’ academic achievement, we find no differences between schools with
high and low SIMCE tests scores. The same result holds when estimating the program impact
on ER separately for schools with different level of academic achievement in different regions.

In all, SPE impacted students’ ER in certain subsamples of schools. Even though, those
subsamples are different to those where impacts have been observed for the other outcomes,
particularly in what regards to impacts on privatized in schools and schools with higher pro-

portions of vulnerable students.

5.3.3 Interest for Reading

The third non cognitive outcome we measure using the GPL test is IR, dimension that, as
discussed in section 5.2 is only slightly correlated to cognitive outcomes (with a significant
correlation only with TP). In general, as Table 10 shows, SPE does not seem to impact IR
strongly, as we just estimate a few significant impacts across the several subsamples of schools
analyzed. In fact, the program impact over all schools in the sample is estimated to be almost
null in magnitude and is statistically insignificant.

Moving on to estimations among different subsamples, we estimate a slight difference in
the program impact across public and private schools, with public schools showing no impact
and private subsidized schools showing a marginally significant negative impact. In addition,
we find no difference of the program on schools of different regions, which might be interpreted
as that implementation differences does not explain the lack of impact of the program on IR.
Estimating in subsamples of schools with different dependence and location does not yield any
relevant impact results of the program. Similarly, estimating in subsamples of schools that
differ in students’ characteristics does not provide relevant additional results. Even though
ITT estimates show that the program had no impact on IR in low SIMCE schools, although
TT estimates show a significant negative impact.

Interest for reading does not seem to be a dimension over which SPE had any impact. In
fact, if anything, the impact of the program was negative on certain subsamples. Additionally,
it is difficult to identify a clear pattern for those impacts, which complicates a reasonable

interpretation of the results.

5.3.4 Perception of Reading at School

The final non cognitive outcome measured by GPL is the way students perceive reading at
school, PRS. This dimension is, jointly with SPR, highly correlated with cognitive outcomes,
as discussed in section 5.2, reason that makes it useful in terms of understanding the indirect

mechanisms through which cognitive outcomes can be impacted. We present the results in
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Table 11. The program impact on PRS on the full sample of schools is estimated to be positive
but, similarly to the results obtained with all the other outcomes, not statistically significant.
Regarding the impact magnitudes, they are not economically meaningful either, with changes
in the probabilities of being in the different PRS levels moving in the range from -6% to 5%.

We find positive effects on public schools but results for both subsamples are nos statistically
significant at conventional levels. Doing the same with RM and VIII region schools neither
offers any interesting results, as impact estimations are not significantly different from zero for
schools in both regions. Looking for impacts among schools of each dependence type in each
region does not yield any interesting impact result either.

Estimating the SPE impact in subsamples of schools which differ in terms of their students’
characteristics does provide some interesting results. In fact, students from schools with higher
proportions of vulnerable students were significantly impacted by the program in terms of their
PRS. In fact, the program significantly decreases the probabilities of students being in CAT1
and CAT2 by 31% and 15% and increases the probability of them being in CAT3 by 30%.
When estimating separately in the subsamples of high IVE schools located in RM and those
located in VIII region, these impact estimations remain similar in significance, and slightly
differ in magnitude, with a stronger impact in VIII region schools. Regarding differences in
students’ academic achievement, we find no impact in any of those subsamples, result that
does not change when estimating in subsamples of RM and VIII region schools which differ in
students’ academic achievement.

Thus, SPE significantly impacted students’ PRS in certain subsamples of schools. In partic-
ular, it did so in schools with relatively high proportions of vulnerable students. Moreover, the
pattern of the estimated impacts on PRS is similar to what was found for cognitive outcomes,
particularly for RC, which suggests that PRS, as well as SPR, could be a relevant indirect

mechanism towards impacting cognitive outcomes.

5.3.5 Discussion

Regarding no cognitive outcomes, as measured by the GPL test, what is found is that, excepting
for IR, SPE had statistically and economically significant impacts on these variables over
certain subsamples of schools. The way SPE impacts students is by moving them from low
levels of perception in the measured outcome to higher levels.

The pattern of impacted subsamples vary between the outcomes analyzed in this section.
As discussed in section 5.2, both SPR and PRS are significantly correlated with cognitive
outcomes, which was reflected in the fact that their impact patterns resulted to be quite similar
to what was found or cognitive outcomes, specially in the case of PRS. These findings suggest

that both SPR and PRS were relevant indirect mechanisms through which SPE impacted
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cognitive outcomes. The fact that ER did not result to be correlated with cognitive outcomes
that its impacts pattern found differed from the one found for cognitive abilities, can be

interpreted as a supportive finding for the “indirect mechanisms” discussion stated above.

6 Cost Effectiveness

In the previous section, we show that the SPE program has a positive impact of relevant mag-
nitude in certain subsamples of schools on both cognitive and non cognitive abilities measures.
In this section we calculate some cost effectiveness measures for the program in order to be able
to understand the cost at which the short run impacts estimated previously can be obtained.
We focus only of cognitive measures, given that they capture a margin typically studied in the
literature.

We assign the total cost of the program (about $520,000) to different schools in order to
estimate the cost of the program in each of the subsamples with which we worked through
our estimations of impact. Additionally, we adjusted such costs for the fact that SPE, as
well as PERACH, not only has the objective to impact students’ reading, but also volunteers’
attitudes towards poverty, as discussed above. We assume that the proportion of costs related
to the actual tutoring is 75% of the total costs.

Under these assumptions, and working with the results shown by Table 6, we compute cost
effectiveness measures for the impact of the program on cognitive skills. Table 12 shows results
for these calculations for each of the learning dimensions measures by the CL-PT test, for each
of the subsamples of schools for which significant impacts were found by our estimations.
Results show that, according to our impact estimates, SPE requires expenditures of between
$50.2'% and $74.5 to obtain improvements of 0.10c on students’ RC test scores in schools with
relatively high shares of disadvantaged students where the program is well implemented, and
of between $21.4 and $31.2 for doing so on similar schools but on students’ UL test scores.

How well does SPE does in terms of cost effectiveness? Table 13 presents cost effectiveness
measures for several remedial education programs implemented in different countries. Even
though cost effectiveness calculations might not be perfectly comparable across program, it
does help in terms of illustrating their relative performance. The cheapest programs in the list
cost as low as $2 per 0.100 of improvement in language test scores for incentive programs, such
as the individual incentives program evaluated by Muralidharan and Sundararaman (2011)
or the SNED incentives program in Chile evaluated by Contreras and Rau (2011). On the
other side, certain inputs programs in Africa resulted to have no impact at all on language

test score, which yields a cost effectiveness of infinity for them. Indeed, the range in which

18 A1l our calculations correspond to 2010 US dollars corrected by PPP differences.
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educational programs’ cost effectiveness moves is wide. Moreover, incentives programs seem to
be the most cost effective ones, followed by those programs that implement changes in teaching
methodologies, leaving inputs programs at the bottom of the ranking.

The cost effectiveness shown by SPE, a program that both adds inputs to schools and pro-
poses innovation in teaching methodologies, ranges in the lower middle of this ranking, below
the cost effectiveness of incentives programs, below the balsakhis program in India evaluated by
Banerjee et al (2007) and below the reading program in the Philippines evaluated by Abeberese
et al. (2010). Even though, SPE shows to be somehow more cost effective than the Literacy
Hour in the UK evaluated by Machin and McNally (2008) and remarkably more cost effective
than JEC, a full day school program implemented in Chile and evaluated by Bellei (2009).

7 Conclusions

The results of this paper demonstrate that a short-term tutoring program that supports stu-
dents reading can have significant effects on both cognitive and non-cognitive skills of some
populations of fourth graders. We show that providing a three month of program of small group
tutoring using college student volunteers (with roughly 10 90-minute sessions and groups of two
tutors and seven students) raise reading scores and measures of attitudes towards reading for
low-performing and poor schools in areas in which the program was well implemented. They
increase reading skills by as much as 0.20 standard deviations. Relatedly, students improve
their attitudes toward reading in a significant way in these same schools, with effects that
typically move a significant share of the students from categories of low perceptions as readers
or as readers in the school to the highest categories.

We also present cost-effectiveness analyses and find that for the students for which the
program was effective the program was in the range of the current estimates for interventions
that provide either more resources or change the teaching technology—however, it is much more
expensive than interventions that change the teacher incentives, a result already discussed in
the literature. We interpret this evidence as suggestive that there is room to increase even in
the short-run the reading performance of students coming from poor background in contrast
to some literature that tend to suggest that late interventions are neither effective nor efficient.
In addition, our treatment effects and the correlations we find in the data imply an interesting
pattern in which cognitive and non-cognitive skills tend to complement each other. Future

research should study in more detail the dynamic inter-relationship between both dimensions.
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Table 2: Balance between groups in Schools’ characteristics

Variable Treatment Control Difference t-test

Average  Average
Household Income 268454,77 256096 12358,77 0,76
Mothers’ Years of Schooling 10,85 10,62 0,23 0,85
Language SIMCE 2009 260,91 254,11 6,8 1,47
Math SIMCE 2009 252,92 246,54 6,38 1,21

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Standard

Errors were clustered at the school level for these calculations.

Table 3: Balance between groups in Students’ characteristics

Panel A: All students in the Sample
Variable N  Treatment Control Difference t-test
Average  Average

All Students 6548

Grades 2009 5,59 5,50 0,09 1,42
Attendance 2009 88,45 87,36 1,09 1,11
Attendance 2010 88,47 87,94 0,53 0,39

Panel B: Non Attriters and Attriters
Variable N Treatment Control Difference t-test
Average  Average

Present 5796
Grades 2009 5,61 5,56 0,05 0,83
Attendance 2009 88,80 88,37 0,43 0,48
Attendance 2010 90,04 90,55 -0,51 -0,49

Absent 422
Grades 2009 5,50 5,29 0,21 1,33
Attendance 2009 86,22 83,40 2,82 1,00
Attendance 2010 80,00 80,75 -0,75 -0,16

Retired 331
Grades 2009 5,29 4,94 0,35 0,98
Attendance 2009 82,81 78,31 4,50 0,81
Attendance 2010 60,93 62,12 -1,19 -0,17

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Standard

Errors were clustered at the school level for these calculations.
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Table 4: Balance between groups in Baseline Test Scores

Panel A: CL-PT Test Scores
Variable Treatment Control Difference t-test
Average  Average

CLPT-RC 50,7 149,15 1,55 1,02
CLPT-TP 49,33 48,27 1,06 0,45
CLPT-UL 67,52 65,08 2,44 1,15
CLPT Total 52,68 51,19 1,49 0,82

Panel B: GPL Test Scores

Variable Treatment Control Difference t-test
Average  Average

GPL-IR 2,04 2,02 0,022 0,53

GPL-SPR 1,83 1,8 0,029 0,97

GPL-ER 2,45 2,41 0,044 1,41

GPL-PRS 2,27 2,28 -0,007 -0,32

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant
at 1%. Standard Errors were clustered at the school level for these

calculations.

Table 5: Process Information

Panel A: Some Statistics

Statistic Students  Sessions per Sessions per Tutors per
Attendance Student School Student
Mean 0,76 9,13 12,03 2,80
Median 0,84 10,00 12,00 3,00
Standard Deviation 0,30 3,72 1,34 1,85
Minimum 0 0 9 0
Maximum 1 15 15 9

Panel B: Breakdown by Region and Dependence

Region Dependence Students Sessions per Sessions per Tutors per

Attendance Student School Student
RM P 0,76 9,03 11,92 2,96
PS 0,82 10,25 12,66 3,85
VIII P 0,68 7,90 11,57 1,44
PS 0,82 10,15 12,41 2,92
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Table 6: Estimations of Impact on CLPT

Sample RC UL TP

ITT TT ITT TT ITT TT

Full Sample 1,39 0,17 0,25 0,03 0,91 0,11
(0,90) (0,11) (0,98) (0,12)  (1,23) (0,15)

P 2,15*  0,25% 1,19 0,14 2,07 0,24
(1,24)  (0,14) (1,21) (0,14)  (1,55) (0,18)

PS -0,44  -0,04 -1,92 -0,21 -0,23  -0,02
(1,36) (0,14) (1,39) (0,15)  (2,02) (0,22)

RM 0,82 0,09 0,43 0,05 1,77 0,21
(1,06) (0,12) (1,14) (0,13)  (1,54) (0,18)

VIII 2,83% 0,37 -0,54 -0,07 -0,63  -0,07
(1,60) (0,23) (1,84) (0,24) (1,81) (0,24)

P, RM 1,60 0,18 1,32 0,15 2,99 0,34
(1,36) (0,15) (1,34) (0,15)  (1,98) (0,23)

P, VIII 3,54 0,44 0,39 0,04 0,60 0,07
(2,49) (0,34) (2,68) (0,34)  (2,17) (0,27)

PS, RM -1,92  -0,19 -2,43 -0,24 0,55 0,05
(1,93) (0,18) (2,12) (0,21)  (2,87) (0,28)

PS, VIII 1,87 0,25 -1,17 -0,15 -1,15 -0,15
(1,07)  (0,17) (1,01) (0,15)  (2,29) (0,33)

High IVE 1,00 0,11 2,85 0,32 2,55 0,29
(1,29) 0,14 (1,99) (0,23) (1,81) (0,20)

Low IVE 0,31 0,04 -1,68%* -0,24* 1,13 0,16
(0,98) (0,14) (0,93) (0,13) (1,48) (0,21)

High SIMCE 2,57%  0,35% -0,30 -0,04 0,47 0,06
(1,35) (0,19) (0,98) (0,13)  (1,67) (0,23)
Low SIMCE -0,63  -0,06 1,43 0,15 -0,01  -0,001
(1,26) (0,13) (2,28) (0,24)  (2,22) (0,24)

RM, High IVE 0,20 0,02 1,72 0,18 3,63% 0,38*
(1,67) (0,17) (2,48) (0,26)  (1,94) (0,20)

RM, Low IVE -0,75  -0,09 -1,25 -0,16 2,87 0,37

(0,98) (0,12)  (1,08)  (0,13) (1,75) (0,23)
VIIL, High IVE ~ 2,55%% 0,33%*  650%¥  084* 281 0,36
(1,05)  (0,13)  (3,08)  (0,40) (3,76) (0,48)
VIIL, Low IVE 0,92 0,13  -3,72%*  -054*% -145 -021
(252) 037  (1,96) 028  (244) (0,37)

RM, High SIMCE  2.03 0,28 0,83 011 185 0,26
(1,53)  (0,20)  (1,09)  (0,15) (2,44) (0,35)
RM, Low SIMCE ~ -1,10 -0,11  -1,17 0,12  -0,39 -0,04
(1,56)  (0,16)  (2,39)  (0,25) (2,25) (0,23)
VIII, High SIMCE 3,72 050  -2,60 0,35 -1,26 -0,17

(2,49) (0,37) (2,00) (0,25)  (1,97) (0,27)
VIII, Low SIMCE 2,88** 0,37** 10,07*** 132*** _-166 -0,21
(1,24) (0,16) (1,74) (0,23)  (5,38) (0,70)

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Standard

Errors are clustered at the school level and presented in parentheses. All regres-

sions include the student’s baseline test score, its gender, its school dependence and

dummies for each stratum among which the program was randomized as controls.
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Table 7: Relationship between Cognitive and Non Cognitive Abilities

(1) (2) 3) (4) () (6) (7) (®) ) (10)

Panel A: Results for RC

SPR  451FFF 3 50FF 3,03FFF 3 23%FF
(0,30)  (0,28) 0,37)  (0,33)

IR 2,08%H% ] 4gHHK -0,20 -0,30
(0,30)  (0,30) 0,27)  (0,29)

ER 029  -0,20 -0,90%F% -1 13%H%
(0,30)  (0,27) 022)  (0,22)

PRS 5,19%FF  4,03%KK 3 300K TREH

(0,50)  (0,47)  (0,57)  (0,52)

Panel B: Results for UL

SPR 451FFF 3 39%F% 3,08%FF 3 T4FFF
(0,37)  (0,37) (0,43)  (0,40)
IR 24255 ] 1K 0,44 0,21
(0,43)  (0,46) (0,43)  (0,48)
ER 039  -025 0,81 1,12
(0,45)  (0,41) (0,38) 0,36
PRS AB56FFF 3. 00%KK 9 05FRE ] 46%F

(0,71)  (0,69)  (0,75)  (0,72)

Panel C: Results for TP

SPR  5,60%FF 4 44%%F 3,73%FF 3 00FFF
(0,39) (0,39) (0,41) (0,41)

IR 4,92%%% 3 7gREE 1,99%%*% 1 47k**
(0,44) (0,43) (0,45) (0,44)
ER 2,40%** 1 ATH** 0,45 -0,05
(0,35) (0,31) (0,31) (0,30)

PRS 8,25%FF 6 60FFF  3,98F** 3 52¥¥*
(0,67) (0,66) (0,74) (0,69)
Controls No Yes No Yes No Yes No Yes No Yes
N 7.737 7.730 7.731 7.724 7.701 7.695 7.616 7.610 7.559 7.553

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Standard Errors are clustered at
the school level and presented in parentheses. All regressions include dummies for each stratum among which
the program was randomized and additional controls used are the student’s baseline test score, its gender and

its school dependence.
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Table 8: Estimations of Impact on GPL-SPR

Sample ITT Logit Estimations TT Logit Estimations

CATO CAT1 CAT2 CAT3 CATO CAT1 CAT?2 CAT3

Full Sample -0,0008 -0,01 0,007 0,009 -0,0001 -0,002 0,0009 0,001
(0,0006) (0,01) (0,005) (0,007)  (0,00009)  (0,001) (0,0007) (0,0009)

P -0,001**  -0,03**  0,01**  0,01*%*  -0,0002** -0,004** 0,002**  0,002**
(0,0009) (0,01) (0,007)  (0,009) (0,0001) (0,002)  (0,0009)  (0,001)

PS 0,001 0,02 -0,008 -0,01 0,0001 0,002 -0,001 -0,001
(0,0009)  (0,018)  (0,007)  (0,01) (0,0001) (0,002) (0,001) (0,001)

RM -0,0001 -0,002 0,001 0,001 -0,00003  -0,0005 0,0002 0,0003

(0,0008) (0,01) -0,007  (0,008) (0,0001) (0,008) 0,0009 0,001

VIII -0,001**  -0,04** 0,01* 0,02%* -0002**  -0,005**  0,001*  0,003**
(0,0008) (0,02) (0,007)  (0,01) (0,0001) (0,002)  (0,0009)  (0,007)

P, RM -0,001 -0,02 0,01 0,01 -0,0002 -0,003 0,001 0,001
(0,001) (0,01) (0,008)  (0,01) (0,0001) (0,002) (0,001) (0,001)

P, VIII -0,002**  -0,06*%*  0,02**  0,03**  -0,0003** -0,007** 0,003**  0,004**
(0,001) (0,02) (0,01) (0,01) (0,0001) (0,003) (0,001) (0,002)
PS, RM 0,002 0,04* -0,02*  -0,02* 0,0004**  0,007**  -0,004** -0,003**
(0,001) (0,02) (0,01) (0,01) (0,0002) (0,03) (0,001) (0,001)

PS, VIII -0,0003 -0,01 0,002 0,01 -0,00003 -0,001 0,0002 0,001
(0,0005) (0,02) (0,004)  (0,01) (0,00007)  (0,002)  (0,0005)  (0,002)

High IVE -0,002%* -0,04* 0,02%* 0,02* -0,0003 -0,005 0,002 0,002
(0,001) (0,02) (0,01) (0,01) (0,0002) (0,003) (0,001) (0,001)

Low IVE 0,0004 0,008 -0,003  -0,005 0,0008 0,001 -0,0005 -0,001
(0,0007) (0,01) (0,004)  (0,009) (0,0009) (0,001)  (0,0006)  (0,001)

High SIMCE 0,00004 0,0008  -0,0003 -0,0006 0,00001 0,0003  -0,0001  -0,0002
(0,0006) (0,01) (0,004) (0,009) (0,00009)  (0,001) (0,0006) (0,001)

Low SIMCE -0,0004 -0,008 0,004 0,004 -0,00002  -0,0004  0,0002 0,0002
(0,001) (0,,02) (0,01) (0,01) (0,0002) (0,004) (0,002) (0,001)

RM, High IVE -0,0007 -0,01 0,006 0,005 0,00007 0,001 -0,0005  -0,0005
(0,001) (0,02) (0,01) (0,01) (0,0002) (0,003) (0,001) (0,001)

RM, Low IVE 0,001 0,02 -0,008 -0,01 0,0001 0,002 -0,001 -0,001

(0,001)  (0,01)  (0,006) (0,01)  (0,0001)  (0,002) (0,0009) (0,001)
VIIL, High IVE ~ -0,007%%  -0,17%%%  0,09%%% 0,08%%% _0,0008*** -0,02%%% 0,008%%* 0,01%%*
(0,002)  (0,02)  (0,01)  (0,01)  (0,0003)  (0,002)  (0,001)  (0,001)
VIII, Low IVE 0,0004 001  -0,003 -0,009  0,00006 0,001  -0,0004  -0,001
(0,0004)  (0,01)  (0,003) (0,008)  (0,00005)  (0,001)  (0,0003) (0,0009)

RM, High SIMCE _ 0,0003 0,006  -0,002 -0,004  0,00007 0,001 _ -0,0004 -0,0008
(0,001)  (0,01)  (0,006) (0,01)  (0,0001)  (0,002) (0,0009) 0,001
RM, Low SIMCE 0,002 0,03%  -0,02%  -0,0*  0,0004%  0,006%* -0,003%* -0,003**
(0,001)  (0,02)  (0,01) (0,009)  (0,0002)  (0,003)  (0,001)  (0,001)
VIII, High SIMCE ~ -0,0002  -0,006 0,002 0,004  -0,00003 -0,0008  0,0002  0,0006
(0,0006)  (0,01)  (0,005)  (0,01)  (0,00009)  (0,002)  (0,0007) (0,001)
VIIL, Low SIMCE ~ -0,006%%% -0,20%%% 0,11%%% 0,00%%% -0,0007%%* -0,02%%% 0,01%%*  0,01%%
(0,002)  (0,02)  (0,01) (0,009)  (0,0002)  (0,002)  (0,001)  (0,001)

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Coefficients are the marginal
effects of the program at CAT0, CAT1, CAT2 and CAT3. Standard Errors are clustered at the school level
and presented in parentheses. All regressions include the student’s baseline test score, its gender, its school

dependence and dummies for each stratum among which the program was randomized as controls.
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Table 9: Estimations of Impact on GPL-ER

Sample ITT Logit Estimations TT Logit Estimations

CATO CAT1 CAT2 CAT3 CATO CAT1 CAT?2 CAT3

Full Sample -0,003 -0,007 -0,01 0,02 -0,0004 -0,001 -0,002 0,003
(0,002)  (0,005)  (0,01) (0,01) (0,0003) (0,0007) (0,001)  (0,002)

P -0,0007  -0,001 -0,003 0,006 -0,0001 -0,0003  -0,0007 0,001
(0,002)  (0,006)  (0,01) (0,02) (0,0003) (0,0007) (0,001)  (0,002)

PS -0,009**  -0,019** -0,04** 0,07** -0,001** -0,002** -0,004** 0,008**
(0,004)  (0,009)  (0,01) (0,03) (0,0005) (0,001 (0,002)  (0,003)

RM -0,002 -0,005 -0,01 0,01 -0,0003 -0,0007  -0,001 0,002
(0,003)  (0,007) -0,01  (0,01) (0,0004)  (0,001)  (0,001)  (0,003)

VIII -0,004* -0,01%* -0,02*  0,04*  -0,0005* -0,001 -0,003*  0,005*
(0,002)  (0,008)  (0,01) (0,02) (0,0003)  (0,001)  (0,002) 0,003

P, RM 0,001 0,002 0,005  -0,008  0,00008 0,0001 0,0003  -0,0006
(0,003)  (0,007)  (0,01) (0,02) (0,0003) (0,0009) (0,001)  (0,003)

P, VIII -0,004 -0,01 -0,02 0,04 -0,0005 -0,001 -0,003 0,005
(0,003) (0,01) (0,02) (0,03) (0,0004)  (0,001)  (0,003)  (0,005)

PS, RM -0,01 .0,02 -0,04*  0,07* -0,001 -0,002 -0,004 0,007
(0,007) (0,01) (0,02)  (0,04) (0,0009)  (0,001)  (0,003)  (0,006)

PS, VIII -0,005* -0,01%  -0,03** 0,05%% -0, 01***  -0,002* -0,004**  0,007*
(0,002)  (0,009) (0,01) (0,02) (0,003) (0,001)  (0,002) (0,03)

High IVE 0,0006 0,001 0,002  -0,005  0,00009 0,0001 0,0004  -0,0006
(0,003)  (0,008)  (0,01) (0,02) (0,0005)  (0,001)  (0,002)  (0,003)

Low IVE -0,006** -0,018** -0,03** 0,06** -0,0008** -0,002** -0,004** 0,008**
(0,002)  (0,008)  (0,01) (0,02) (0,0003)  (0,001)  (0,002)  (0,003)

High SIMCE -0,004 -0,01 -0,02 0,03 -0,0004 -0,001 -0,002 0,004
(0,002)  (0,007)  (0,01) (0,02) (0,0003) (0,0009) (0,001)  (0,003)

Low SIMCE 0,0006 0,001 0,003  -0,005 0,0002 0,0004 0,001 -0,001
(0,004) (0,01) (0,02) (0,03) (0,0005)  (0,001)  (0,002)  (0,004)
RM, High IVE 0,007* 0,01 0,02 -0,04 0,001**  0,001**  0,004** -0,007**

(0,004)  (0,008)  (0,01) (0,03) (0,0004) (0,0009) (0,002)  (0,003)
RM, Low IVE  -0,008%% -0,02%% -0,04%% 0,07%% -0,001%** -0,003%* -0,005%* 0,009%*
(0,004)  (0,01)  (0,01) (0,03) (0,0005)  (0,001)  (0,002)  (0,004)
VIIL, High IVE ~ -0,008  -0,029  -0,04%* 0,08 -0,0009* -0,003  -0,006 0,01
(0,005)  (0,02)  (0,02) (0,05) (0,0006) (0,004)  (0,004)  (0,007)
VIIL, Low IVE ~ -0,002  -0,007  -0,02 0,03  -0,0002 -0,0007 -0,002 0,003
(0,003)  (0,009)  (0,02) (0,03) (0,0005)  (0,001)  (0,003)  (0,005)

RM, High SIMCE _ -0,004 0,0l -0,02 003  -0,0005  -0,000  -0,002 0,004
(0,004)  (0,01)  (0,02) (0,03)  (0,001)  (0,001)  (0,002)  (0,004)
RM, Low SIMCE 0,001 0,003 0,006 -0,0l 00004 00008 0,001  -0,002
(0,005)  (0,01)  (0,02) (0,03) (0,0006) (0,001)  (0,002)  (0,004)
VIII, High SIMCE ~ -0,002  -0,008  -0,01 002  -0,0003 -0,0009 -0,00 0,003
(0,002)  (0,007)  (0,01) (0,02) (0,0003)  (0,001)  (0,002)  (0,003)
VIIL, Low SIMCE ~ -0,002  -0,000  -0,02 0038 -0,0002 -0,000  -0,003 0,004
(0,005)  (0,02)  (0,05) (0,09) (0,0007)  (0,003)  (0,007)  (0,01)

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Coefficients are the marginal
effects of the program at CAT0, CAT1, CAT2 and CAT3. Standard Errors are clustered at the school level
and presented in parentheses. All regressions include the student’s baseline test score, its gender, its school

dependence and dummies for each stratum among which the program was randomized as controls.
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Table 10: Estimations of Impact on GPL-IR

Sample ITT Logit Estimations TT Logit Estimations

CATO CAT1 CAT?2 CAT3 CATO CAT1 CAT2 CAT3
Full Sample 0,0004 0,005 -0,001 -0,005  0,00005 0,0007 -0,0001  -0,0007
(0,0006)  (0,009) (0,001) (0,009) (0,00009) (0,001)  (0,0002) 0,001

P -0,000009 -0,0001 0,00002 0,0001 -0,00001 -0,0001  0,00003 0,0001
(0,0008)  (0,01)  (0,002)  (0,01)  (0,0001)  (0,001)  (0,0002)  (0,001)

PS 0,001 0,02 -0,005 -0,02 0,0002* 0,003*  -0,0008*  -0,003*
(0,001) (0,01)  (0,003)  (0,01)  (0,0001) (0,001)  (0,0004)  (0,001)

RM -0,00008 -0,0009 0,0002  0,0008 -0,00001 -0,0001  0,00004 0,0001
(0,0009) - (0,002)  (0,009) (0,0001)  (0,001)  (0,0003)  (0,001)

VIII 0,001 0,019  -0,00003  -0,02 0,0001 0,002 -0,00002  -0,003
(0,0009) (0,015) (0,001)  (0,02)  (0,0001)  (0,002)  (0,0001) (0,002)

P, RM -0,0001 -0,002  0,0005 0,002  -0,00003 -0,0005 0,0001 0,0004
(0,001) (0,01)  (0,003) (0,01)  (0,0001) (0,001)  (0,0003)  (0,001)
P, VIII 0,0003 0,006  -0,0002 -0,007  0,00004 0,0006  -0,00003  -0,0008
(0,001) (0,01)  (0,0006) (0,02)  (0,0001) (0,002) (0,00008) (0,003)

PS, RM 0,0007 0,006 -0,002 -0,005 0,0002 0,002 -0,0008 -0,001
(0,001) (0,01)  (0,006)  (0,01) (0,003) (0,001)  (0,0008)  (0,001)

PS, VIII 0,001 0,03 0,005 -0,05 -0,008* -0,005 0,0004 -0,006
(0,001) (0,02)  (0,007)  (0,03) (0,004) (0,003)  (0,0008)  (0,004)

High IVE -0,0009 -0,01 0,001 0,01 -0,00009  -0,001 0,0001 0,001
(0,0008)  (0,01)  (0,001)  (0,01)  (0,0001)  (0,001)  (0,0002)  (0,001)
Low IVE 0,0005 0,007 -0,001 -0,007  0,00007 0,0009 -0,0002  -0,0009
(0,001) (0,01)  (0,003)  (0,01) (0,0001)  (0,001)  (0,0004)  (0,001)

High SIMCE 0,001 0,01 -0,001 -0,01 0,0001 0,001 -0,0002 -0,001
(0,0009)  (0,01)  (0,001)  (0,01)  (0,0001)  (0,001)  (0,0002)  (0,001)

Low SIMCE 0,0009 0,01 -0,003 -0,01 0,0001 0,002*  -0,0006*  -0,002*
(0,0009)  (0,01)  (0,003)  (0,01)  (0,0001)  (0,001)  (0,0004)  (0,001)

RM, High IVE -0,0005 -0,007 0,001 0,006 0,00001 0,0001  -0,00003  -0,0001
(0,001) (0,01)  (0,002)  (0,01) (0,0001)  (0,001)  (0,0002)  (0,001)

RM, Low IVE -0,0005 -0,006 0,002 0,005  -0,00006  -0,0008 0,0003 0,0007
(0,001) (0,01)  (0,005)  (0,01)  (0,0001)  (0,002) (0,0007)  (0,001)

VIII, High IVE -0,001 -0,02 0,002 0,02 -0,0001 -0,002 0,0002 0,003

(0,001)  (0,01)  (0,002)  (0,01)  (0,0001) (0,0019) (0,0002)  (0,002)
VIII, Low IVE 0,002 003 000l  -0,04 00002 0004 00003  -0,006
(0,001)  (0,02)  (0,004) (0,04) (0,0001)  (0,003)  (0,0007)  (0,005)

RM, High SIMCE  0,00003  0,0004 -0,0001 -0,0004 0,00001  0,0002  -0,00004 -0,0001
(0,001)  (0,04)  (0,003) (0,013) (0,0001)  (0,001)  (0,0004)  (0,001)
RM, Low SIMCE 0,001 001  -0,003 -0,01 00002 0002  -0,0008  -0,002
(0,001)  (0,01) (0,005  (0,01)  (0,0001)  (0,001)  (0,0006)  (0,001)
VIIIL, High SIMCE ~ 0,003*  0,03*  -0,002  -0,04  0,0004*  0,004*  -0,0002  -0,005
(0,001)  (0,02)  (0,002) (0,028)  (0,002)  (0,002)  (0,0003)  (0,003)
VIIL, Low SIMCE ~ 0,0009 0,004  0,0006 -0,007 0,000l  0,0007 0,00008 -0,001
(0,0007)  (0,003)  (0,006) (0,006) (0,0001) (0,0005) (0,00008) (0,0008)

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Coefficients are the marginal
effects of the program at CAT0, CAT1, CAT2 and CAT3. Standard Errors are clustered at the school level
and presented in parentheses. All regressions include the student’s baseline test score, its gender, its school

dependence and dummies for each stratum among which the program was randomized as controls.
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Table 11: Estimations of Impact on GPL-PRS

Sample ITT Logit Estimations TT Logit Estimations
CATO CAT1 CAT?2 CAT3 CATO CAT1 CAT?2 CAT3
Full Sample -0,00001 -0,0004 -0,004 0,003  -0,000001 -0,00005 -0,0005 0,0004
(0,00002)  (0,0005)  (0,005) (0,003) (0,000001) (0,00009)  (0,0007)  (0,0005)
P -0,00003  -0,0008 -0,009 0,006  -0,000005 -0,0001 -0,001 0,0009
(0,00004)  (0,0007)  (0,007)  (0,005) (0,00001)  (0,00009)  (0,0009) (0,0006)
PS 0,000007 0,0002 0,002 -0,001 0,000001 0,00005 0,0005 -0,0003
(0,00003)  (0,001) (0,009)  (0,006)  (0,00000) (0,0001) (0,001) (0,0008)
RM -0,00002 -0,0005 -0,005 0,003  -0,000002 -0,00007  -0,00006 0,0004
(0,00003)  (0,0007)  (0,006)  (0,004) (0,000001) (0,00009)  (0,0008)  (0,0005)
VIII -0,00001 -0,0002 -0,002 0,002  -0,000001 -0,00002 -0,0002 0,0002
(0,00006)  (0,0009) (0,01) (0,008)  (0,00001) (0,0001) (0,001) (0,001)
P, RM -0,00006 -0,001 -0,009 0,007  -0,000008 -0,0001 -0,001 0,0009
(0,00007)  (0,0008)  (0,008)  (0,006)  (0,00001) (0,0001) (0,001) (0,0007)
P, VIII -0,00006  -0,0001 -0,006 0,005  -0,000008  -0,00007 -0,0009 0,0007
(0,0001) (0,001) (0,01) (0,01) (0,00002) (0,0001) (0,001) (0,001)
PS, RM 0,000009 0,0001 0,001 -0,0009  0,000005 0,0001 0,0009 -0,0005
(0,00008)  (0,001) (0,01) (0,007)  (0,00001) (0,0001) (0,001) (0,0008)
PS, VIII - - - - - - - -
High IVE -0,00006  -0,002*** -0,02%F* 0,02%** -0,000008 -0,0003*** -0,003*** (,002%**
(0,00007)  (0,0008)  (0,008)  (0,006)  (0,00001) (0,0001) (0,001) (0,0008)
Low IVE -0,000004  -0,0001 -0,001 0,001  0,0000007  -0,00002 -0,0002 0,0001

(0,00003)  (0,0008)  (0,008) (0,005) (0,000001)  (0,0001)  (0,001)  (0,0007)

High SIMCE 0,000006  0,0004 0,004  -0,003 0,0000009  0,00006  0,0005  -0,0004
(0,00001)  (0,0007)  (0,007)  (0,005)  (0,00000)  (0,0001)  (0,0009)  (0,0006)

Low SIMCE -0,00005  -0,00  -0,00l 0,07  0,000008  -0,0001 -0,001 0,001
(0,00005)  (0,0008)  (0,009) (0,006)  (0,0001)  (0,0001)  (0,001)  (0,0007)

RM, High IVE  -0,00007  -0,002%*  -0,02%*  0,017*  -0,000009  -0,0002%*  -0,002**  0,002%*
(0,0009)  (0,001)  (0,01)  (0,009) (0,00001)  (0,0001)  (0,001)  (0009)
RM, Low IVE ~ -0,00003  -0,0006  -0,0006 0,003 -0,000004 -0,00008  -0,0008  0,0004
(0,00006)  (0,001)  (0,009) (0,005)  (0,00001)  (0,0001)  (0,001)  (0,0007)
VIIL, High IVE ~ -0,0003  -0,002%*  -0,03%*  0,02%%* -0,00003  -0,0002%* -0,004*** 0,003%**
(0,0003)  (0,001)  (0,01)  (0,008) (0,00004)  (0,0001)  (0,001)  (0,001)
VIII, Low IVE - - - - - - - -

RM, High SIMCE  0,000002  0,00007  0,0007  0,0004 0,0000003  0,00001  0,0001  -0,00008
(0,00003)  (0,0009)  (0,009)  (0,006)  (0,00000)  (0,0001)  (0,001)  (0,0008)
RM, Low SIMCE ~ -0,00003  -0,0005  -0,004 0,003  0,000004  0,00007  -0,0006  0,0004
(0,00005)  (0,0008)  (0,007)  (0,005)  (0,00001)  (0,00009)  (0,0008)  (0,0005)
VIII, High SIMCE ~ 0,00003 0,001 0,009  -0,008  0,000004  0,0001 0,001 -0,001
(0,00004)  (0,001)  (0,009) (0,008)  (0,00000)  (0,0001)  (0,001)  (0,001)
VIII, Low SIMCE - - - - - - - -

Notes: *: Significant at 10%, **: Significant at 5%, ***: Significant at 1%. Coefficients are the marginal
effects of the program at CAT0, CAT1, CAT2 and CAT3. Standard Errors are clustered at the school level
and presented in parentheses. All regressions include the student’s baseline test score, its gender, its school

dependence and dummies for each stratum among which the program was randomized as controls.
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Table 12: Cost Effectiveness Measures

Sample Cost per 0.1 s.d.

RC

P $74,5

VIII $51,5

High SIMCE $58,0

VIII, Low SIMCE $50,2

VIII, High IVE $53,3
UL

VIII, Low SIMCE $21,4

VIII, High IVE $31,2
TP

RM, High IVE $63.,9

Notes: All costs are measured in 2010 US dollars
corrected by PPP differences.
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