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“When you educate one person you can change a life,
when you educate many you can change the world.”

(Shai Reshef)



Resumo

Esta tese é composta por três ensaios em economia da educação.

No primeiro capítulo, investigamos os efeitos de um programa de leitura e
escrita sobre o desenvolvimento do letramento de crianças na educação infantil. Para
tal, conduzimos um estudo aleatorizado, incluindo 44 escolas que receberam a in-
tervenção e 44 escolas de controle. Os resultados principais indicam que as crianças
que participaram do programa tiveram desempenho superior às crianças do cont-
role, especialmente nas medidas de leitura de uma "parlenda" e escrita de palavras.
As análises de efeitos heterogêneos sugerem que a intensidade do tratamento e a
infraestrutura das escolas podem intensificar os efeitos sobre o desenvolvimento das
habilidades de escrita.

No segundo capítulo, nosso objetivo é entender a relação entre a influência
dos pares e as competências socioemocionais. Utilizando uma base de dados com
informação sobre os vínculos de amizade dos alunos, primeiro consideramos um
modelo tradicional de estimação de efeitos de pares que permita a identificação dos
efeitos endôgeno e contextual. As evidências sugerem efeitos endógenos negativos
para todas a medidas consideradas (cognitivas e socioemocionais) e a presença de
efeitos contextuais da medida socioemocional Self-Management sobre a nota de por-
tuguês. Em nosso segundo exercício analisamos quais características mais influen-
ciam no processo de formação das redes sociais e observamos que, entre habilidades
cognitivas e socioemocionais, apenas a proximidade em termos das competências so-
cioemocionais aumentam a probabilidade de dois alunos se tornarem amigos. Nosso
terceiro exercício explora a possibilidade de efeitos heterogeneos, analisando o papel
do posicionamento do aluno dentro da rede social na intensidade dos efeitos. Os
resultados indicam que a centralidade do aluno é um importante preditor de seus
resultados acadêmicos, mesmo quando consideramos a média da centralidade dos
pares.

No terceiro capítulo, investigamos se a implementação de um programa de
ensino médio integral pode afetar a estrutura da rede de amizade dos alunos. Uti-
lizando dados de alunos de escolas públicas do Estado de Sergipe (Brasil) identi-
ficamos que o programa coloca os alunos tratados em posição mais central. Além
disso, investigamos se essa variação na estrutura das redes não poderia ser um canal
através do qual o programa afeta os resultados acadêmicos dos alunos. Os resulta-
dos do modelo indicam que as medidas de conectividade dos indivíduos influenciam
positivamente suas notas de matemática, o que sugere que pode haver um efeito
de mediação do programa sobre essas notas que deveria ser considerado quando da
avaliação dos efeitos da política.

Palavras-chaves: Intervenções Escolares, Desenvolvimento da Alfabetização, Efeitos
de Pares, Redes Sociais, Educação em Tempo Integral.



Abstract

This thesis consists of three essays on economics of education.

In the first chapter we investigate the effects of a reading and writing pro-
gram on literacy development in early childhood education. To this end, we con-
ducted a randomized study, including 44 intervention schools and 44 control schools.
The main results indicate that the children who participated in the program out-
performed the control children, especially in the measures of reading a "rhyme" and
writing words. Analysis of heterogeneous effects suggest that the intensity of treat-
ment and the infrastructure of schools may reinforce the effects on the development
of writing skills.

In the second chapter our goal is to understand the relationship between peer
influence and socioemotional skills. Using a database with information on students’
friendship ties, we first consider a traditional peer effects estimation model to iden-
tify endogenous and contextual effects. The evidence suggests negative endogenous
effects for all measures (cognitive and socioemotional) and the presence of contextual
effects of the socioemotional measure Self-Management on Language score. In our
second exercise, we analyzed which characteristics most influenced the networking
formation process and observed that, among cognitive and socioemotional skills,
only homophily in terms of socioemotional skills increases the probability of two
students becoming friends. Our third exercise explores the possibility of heteroge-
neous effects, analysing the role of the student’s position within the social network
in the intensity of the effects. The results indicate that the student’s centrality is
an important predictor of his academic results, even when we consider the average
centrality of his peers.

In the third chapter we investigate whether the implementation of a full-time
high school program can affect the structure of the students’ friendship network.
Using data from public school students in the State of Sergipe (Brazil), we identified
that the program places the treated students in a more central position. In addition,
we investigate whether this variation in the networks structure could be a channel
through which the program affects students’ academic scores. The results of the
model indicate that the individuals’ connectivity measures positively influence their
math test scores, which suggests that there may be a mediation effect of the program
on these scores that should be considered when assessing the policy’s results.

Key-words: Schooling Interventions, Literacy Development, Peer Effects, Social
Networks, Full-Time Education.
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1 Literacy Development in Early Childhood
Education

1.1 Introduction
There is abundant literature showing the importance of acquiring certain skills

during early childhood, as it is a very relevant period in terms of brain development
(THOMPSON; NELSON, 2001). Thus, stimuli and experiences are especially important,
considering that the accumulation of knowledge in this period supports and facilitates
learning in the subsequent stages (CUNHA et al., 2006).

Regarding reading skills, studies show that it is unlikely that development lags,
which can be observed at the beginning of the learning process, will be compensated.
Skills levels verified in preschool and in the first years of elementary education are good
predictors of future reading results (CUNNINGHAM; STANOVICH, 1997; DUNCAN et
al., 2007; STORCH; WHITEHURST, 2002; COSTA et al., 2013) and go even further, as
studies show a correlation between reading and writing skills and one’s type of occupation
around the age of 20 years (ATHANASOU, 2001).

The greatest concern accruing from the above facts is that the acquisition of cogni-
tive skills among children from different socioeconomic levels varies considerably. In fact,
these inequalities can be verified even among preschoolers (HART; RISLEY, 1995) and
usually have lifelong effects (HECKMAN, 2008).

In the literacy field, for instance, the Coley report (COLEY, 2002), which resulted
from a study initiated in 1998 in a representative sample of American children, shows
that 85% of the children who attended preschool and belonged to the first quintile of the
socioeconomic measure, were able to recognize alphabet letters, while only 39% of the
last quintile presented the same ability.

In Brazil, according to data from the last National Literacy Assessment (Avaliação
Nacional de Alfabetização - ANA 2016) , 55% of the children in the 3rd grade of public
schools presented insufficient reading knowledge, while 34% presented insufficient writing
skills. Even though there are no data concerning private schools1, we can have a notion

1 In Brazil, private elementary schools usually provide better education than public schools. According to
results provided in 2017 by Basic Education Development Index (Índice de Desenvolvimento da Educação
Básica - IDEB), calculated using data concerning pass rates obtained in School Census, and performances
average obtained in the assessments conducted by the Basic Education Assessment System (Sistema de
Avaliação da Educação Básica - SAEB), students attending the 1st to the 5th grades in private schools
scored 7.1; those from the 6th to 9th grades scored 6.4; and high schoolers scored 5.8. The IDEB scores
of public schools, in turn, were 5.5; 4.4; and 3.5 for students attending the same grades, respectively.
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of educational inequalities when we look at ANA’s desegregated data. In the north, for
instance, one of the poorest Brazilian regions, 70% and 53% of the children have insuf-
ficient levels of reading and writing skills, respectively. In the southeast, in turn, one of
the most developed regions in Brazil, these proportions were 44% for reading and 21% for
writing skills.

The relevance of these disparities and the probability of their perpetuation has
been the focus of many researchers and policymakers and the evidence points out that
interventions carried out in early childhood are important mechanisms in reducing in-
equalities and tend to be more cost-effective (CUNHA et al., 2006). For two of the most
successful and documented interventions targeting vulnerable children, such as the Perry
Preschool Program and the Abecedarian Program, positive effects were found for par-
ticipants through adulthood (HECKMAN; KARAPAKULA, 2019b; CAMPBELL et al.,
2012). For the Perry Preschool program, intra and intergenerational effects (HECKMAN;
KARAPAKULA, 2019a) were also observed.

This study is part of this context of research addressing interventions implemented
during early childhood. Our goal is to estimate the impact of a Reading and Writing
program implemented in 2016 among public preschools in Brazil2.

This Reading and Writing program is a continuous education program intended
to reach all the professionals involved in preschool education in order to promote changes
in reading and writing practices. A cascade-like training takes place, through virtual and
face-to-face actions, involving from technicians of the Municipal Department of Education,
school principals, teaching coordinators, and teachers, up to the point in which the children
are finally reached.

As far as we know, other programs have already been or are being implemented in
Brazilian public early childhood schools (Alpha e Beto Pré-Escola; Paralapracá; Pequenos
Leitores; Leitura e Escrita na Educação Infantil), however, no studies assessing the effects
of these programs were found.

In other parts of the world there are also early literacy programs aimed at low-
income children during childhood education and several of them had positive effects
on measures such as phonological awareness, letter knowledge, word identification and
some writing tests (ARAM, 2006; BAUSERMAN et al., 2005; NEUMAN, 1999; WASIK;
BOND, 2001; FUCHS et al., 2001; BLACHMAN et al., 1999). Nevertheless, as far as we
can tell, they keep reasonable differences in relation to our study, such as: (i) the focus of
the pedagogical content, the majority focused on reading 3; (ii) the role of those involved

2 A randomized control trial was conducted in 2016 with 44 treatment schools and 44 control schools
distributed throughout nine Brazilian cities, reaching approximately 4,000 students.

3 Only one of the programs included in the study by Aram (2006) address alphabetic skills and “would
involve games and activities promoting phonological awareness, letter knowledge, and basic writing”.
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and the form of implementation, in all of them the training is direct with the teacher who
is responsible for developing specific and well-structured activities with the students; and
(iii) the sample size, in the largest of them 500 children were assessed.

Therefore, we understand that this analysis presents a relevant contribution. Not
only on the literature concerning mechanisms that may decrease inequalities in terms
of skills developed by children, in both vulnerable and non-vulnerable groups, but also
provides evidence that can support public policies.

This paper is organized as follows: in the next section, the program and the in-
tervention design are presented along with an analysis of the collected data. Sections 1.3
and 1.4 present a discussion of the estimated models and main results. At the end, we
present our final considerations.

1.2 Intervention Program, Evaluation Design and Data

1.2.1 The Reading and Writing Program

The primary focus of this one-year program is to strengthen early childhood educa-
tion public policies by offering technical-pedagogical training to those providing education
to children between 4 and 5 years and 11 months of age.

Training is organized in a cascade style, meaning that information flows from one
group to another, involving all those engaged in preschool education, until it reaches
the children. In the upper tier, technicians from the Municipal Department of Education
attend face-to-face seminars with specialized consultants and have continuous access to
material and guidance. These technicians, in turn, organize meetings with the schools’
principals and teaching coordinators, while the principals become responsible for training
the teachers. Teachers and principals also have access to an online course that is available
on the program’s platform.

This training methodology is intended to establish a collaborative network in which
all actors become co-responsible for the quality of education provided to children, support-
ing the teachers to perform meaningful work in terms of reading and writing according to
the “field of experience - listening, speaking, thinking, and imagination” of the National
Common Curricular Base (Base Nacional Comum Curricular). Additionally, this train-
ing dynamics is intended to establish a sustainable environment in the medium and long
term to ensure the continuity of this work when program ceases, considering that the goal
of involving everyone is to change the teaching culture in the entire network, changing
reading and writing practices.

The entire network training is based on two main axes: one linked to training
strategies such as thematization of practice, and one linked to the topic of child edu-
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cation. In 2016, the thematic content was the approach to reading and written culture,
promoting debates on written language as a system rather than merely a code to be de-
coded; what and how children think about writing; how they establish hypotheses; and
which interventions teachers can implement to promote the advancement of children in
this process. Regarding reading, the importance of teachers’ reading for children is em-
phasized, along with promoting conditions for children to develop reading behaviors; and
also how to rethink reading practices, the quality of books, and the teachers’ role as read-
ing mediators. The methodology includes tasks that enable learning by doing, so that
immediate change is observed in children’s practices while concomitantly promoting the
training of the different actors.

1.2.2 Evaluation Design and Measures

Before the beginning of the school year 2016, 88 early childhood schools (with
4 to 5-year-old students) distributed in nine Brazilian cities were randomly selected to
participate in this study.

The sampling process excluded all rural schools. Moreover, because some principals
manage more than one school and the program hinges on the principal’s role, only one
school per principal was selected, thus avoiding any spillover effects. Schools were paired
beforehand according to the number of students and, then, 44 pairs (88 schools) were
randomly drawn. In each pair, one of the schools was randomly assigned to participate in
the program (i.e., training would be provided to principals and teachers) and the other
assigned to the control group.

In order to access the program’s effects, a field research was conducted at the end
of the school year (between October and November 2016), in which four assessments were
applied. The Peabody Picture Vocabulary Test, Reading Test and Writing Test were ap-
plied to all the students. The fourth assessment was determined by a draw between the
Expressive Vocabulary Test and Pre-Literacy Knowledge and Skills Test. The character-
istics of the instruments are presented below, and the Appendix includes examples of each
test.

1. Peabody Picture Vocabulary Test (PPVT): Measures receptive language. The His-
panic American version was used in this study. It consists of 125 items and was
validated and standardized for Brazil by Capovilla (1997) with children from 2 to
6 years old. The assessor presents an image card with four numbered pictures and
says the name of one of the pictures, while the examinees are expected to point it
out and tell the corresponding number.

2. Reading Test: Educators developed it specifically for this study. It determines the
stage of the reading acquisition process and is divided into two subtests. Reading
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a “rhyme”: the assessor recites a “rhyme” (parlenda) (a verse with a child theme),
which is written on the student’s answer sheet, and asks the child to check five
specific words that appear in the ”rhyme”, i.e., the test verifies the reading of words
within a given context. Reading a list: the examiner reads a list with six words,
which is written on the student’s answer sheet and asks the child to check three
specific words in the list. In each subtest, students score one point for each correct
word 4.

3. Writing Test: Educators also developed this test specifically for this study in order
to determine the stage of the process of writing acquisition and it is divided into two
subtests. Writing name: the assessor asks the child to write his name on a sheet of
paper. One point is assigned if the child writes his first name only and two points if
he writes his full name or at least one surname. Writing words: the assessor dictates
a set of four words, and the child is supposed to write them on a sheet. An expert
corrected this subtest, and the score depended on the level of the children’s writing
acquisition5,6.

4. Expressive Vocabulary Test: Measures the number of words a child can retrieve
and is also related to the acquisition of reading and writing skills. The task re-
quires children to orally name a given picture shown by the assessor (CAPOVILLA;
NEGRÃO; DAMÁZIO, 2011).

5. Pre-Literacy Knowledge and Skills Test (THCP): three of the five subtests in the
measure were applied (SILVA; FLORES-MENDOZA; SANTOS, 2013). Language:
assesses children’s ability to understand sentences, to identify the function of objects,
to categorize elements, to recognize sounds, to segment words into syllables, and
to perceive rhymes, among others. Memory: the items assess visual and auditory
memory. The first type includes the memorization of the correct positions of stimuli
after a brief interval of time. The items assessing auditory memory consider the

4 Note that, even though the test was developed specifically for this study, it follows the same rationale
as other instruments with the same purpose. The authors Fuchs et al. (2001) and Blachman et al. (1999),
already mentioned in section 1.1, applied the word recognition subtest of Woodcock Reading Mastery
Test-Revised, which consists of asking children to read words from a list aloud, assigning one point for
each word spoken correctly. In the present case, the test format, which asks children to check the words,
is focused on the visual recognition of words, along the lines of the National Literacy Assessment, which
verifies the children’s ability to read words and locate information that is explicitly provided in a text,
for instance, using multiple-choice questions.

5 There were eight possible levels: Pre-syllabic 1, 2, and 3; Syllabic 1, 2, and 3; Alphabetical Syllabic;
and Alphabetical. Figure A1.1 in the Appendix A1 presents a description of each level.

6 Similar to the Reading Test, the Writing Test is also in line with other instruments used to assess
these skills. For instance, in one of the measures used in the study by Aram (2006), the assessor asked
the child to write his name and two pairs of words. Blachman et al. (1999), in turn, used level 1 of the
writing subtest from The Wide Range Achievement Test-Revised to analyze the students’ ability to write
dictated words. The items of the written production of the National Literacy Assessment are another
example, in which students are supposed to write the names of pictures. In all the cases mentioned earlier,
the score depends on the children’s level of spelling.
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ability to listen to a story and memorize the most important information. Focused
Attention: degree to which a child keeps sustained attention on a task or activity for
a given amount of time. This subtest is composed of a series of grouped stimuli, and
the child needs to concentrate on finding targets presented throughout the groups.

The parents also completed a questionnaire addressing the children’s socioeco-
nomic status, while teachers and principals completed questionnaires addressing the ac-
tivities they performed at school, as well as their socioeconomic statuses.

Professionals from the education and psychology fields, with some background
involving children of the same ages as the ones addressed in this study, individually
applied the instruments to children. In some schools, an external specialist applied the
reading and writing tests.

1.2.3 Data

As previously noted, we collected data from 88 early childhood education schools.
We asked authorization from the parents for the children’s participation and 4,389 pro-
vided signed consent forms. The proportions of signed forms were very similar between
the treatment and control groups. Nonetheless, not all students completed the tests, nor
all the parents completed the socioeconomic questionnaire. For a more complete and ac-
curate analysis, we decided to keep only the students who had completed all the three
common tests and had provided information on their age in the sample7. As a result, there
were no observations for two of the schools in the control group. Because randomization
was carried out in pairs, we decided to exclude their respective treatment matches. Thus,
a sample of 3,259 students remained.

Table 1.1 – Data Description

Treatment Controls Total
Differential
Attrition

Samples:

Total Database 2,239 2,150 4,389

Test Scores and Age (TS&A) 1,675 74.8% 1,584 73.7% 3,259 0.018

+ Teachers Answers (TS&A+T) 1,373 61.3% 1,319 61.3% 2,692 -0.002

+ Principals Answers (TS&A+P) 1,295 57.8% 1,273 59.2% 2,568 -0.020

Note: Differential Attrition estimated using ordinary least squares, with a set of dummies for
school pairs and standard errors clustered at school level. *** means p-value <0.01, **p-value
<0.05 and * p-value <0.1.

7 This is a piece of relevant information because the program may have a different impact on younger
and older students, as will be further explored in subsection 1.4.4.
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Table 1.1 presents the distribution of students between the treatment and control
groups. Even though the number of students who dropped out of the initial sample was
proportionally larger in the control group than in the treatment group, no significant
differences were found between the groups8.

Because we intend to make additional analyses using some information from the
teachers’ and principals’ questionnaires, table 1.1 presents information regarding the sam-
ple size which is available to estimate these exercises and shows that there is no significant
differential attrition.

We also tested for selective attrition between the sample considered in the analyses
and the original sample, considering all those who provided information for each measure.
Therefore, we performed a regression analysis for each of the measures on a treatment
dummy, a variable indicating whether a student is in the final sample or not, and a variable
of interaction between these two (which will indicate whether there is selective attrition
or not).

Table 1.2 presents the results of this exercise, considering as a specific sample
those presented information for the three common tests and age (TS&A), and discards
the presence of selective attrition for any of the measures.

Table 1.2 – Test of Selective Attrition - TS&A Sample

Treat x TS&A Treat TS&A N

PPVT‘ -1.986 3.464 8.900*** 3,952
Reading a “Rhyme” -0.128 0.309** 0.226** 3,942

Reading a List 0.084 -0.036 0.027 3,942
Writing Name 0.013 0.021 0.156*** 3,950
Writing Words -0.101 0.541 0.515** 3,941

THCP - Language -0.201 0.419* 0.494*** 1,969
THCP - Memory 0.058 0.037 0.372 1,960

THCP - Attention -0.183 0.786 2.130*** 1,972
THCP - Total -0.326 1.210 3.101*** 1,972

Expressive Vocabulary -2.493 2.181 3.899*** 1,976

Note: Results estimated using ordinary least squares, with a set of
dummies for school pairs and standard errors clustered at school level.
*** means p-value <0.01, **p-value <0.05 and * p-value <0.1.

We also performed this same exercise for the specific samples of principals (TS&A
+ P) and teachers (TS&A + T). The results are presented in tables A2.1 and A2.2 in the
Appendix A2 and indicate that there may be some unbalance between the treatment and
control groups for a few measures.

Finally, we verified the balance between the treatment and control groups in the
observable characteristics9. First, as randomization was done at the school level, we com-

8 The probability of receiving the treatment is the same for both samples. This result was obtained by
estimating regression between the sample’s dummy variable, equal to 1 if the student is in TS&A sample
and 0 otherwise, and the treatment variable.

9 To analyze balance, we first estimated a regression between the treatment variable and a set of dummies
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pared the characteristics of the schools using data from 2015 School Census10. Table 1.3
shows that, together, the characteristics of the treated schools do not significantly differ
from those in the control group, indicating that the schools were properly randomized.

Table 1.3 – Balance Check

School Sample TS&A Sample

Sc
ho

ol
D

at
a

Sewer 0.047 0.123
Teachers’ room 0.074 0.030
Computer Lab 0.110 0.012

Library -0.150 -0.094
Reading Room -0.042 0.132

Playgroung -0.152 -0.202
Bathroom 0.117 0.115

Secretary room 0.074 0.073
Dinning Hall 0.188 0.211*

Internet 0.006 -0.003
N. Classrooms (prop.) 1.333 0.207

N. Adm. Computers (prop.) 6.145 8.230
N. Students Computers (prop.) -0.694 0.053

N. Employees (prop.) -2.159** -2.385**
N. Students -0.000 -0.000

St
ud

en
t

D
at

a

Age: 5 or younger 0.004 -0.018
Girl -0.004 -0.025

Lives up to 3 people -0.009 -0.060**
Assessor 0.019 -0.011

N 84 3,259 3,259
F Test 0.257 0.997 0.00300

Note: The data source for “School Data” is 2015 School Census. Balance check
estimated using ordinary least squares, with standard errors clustered at school
level. *** means p-value <0.01, **p-value <0.05 and * p-value <0.1.

We also compared the students’ characteristics 11 and again, no significant dif-
ferences were found between the groups. Finally, we verified balance, considering both
the characteristics of the schools and students, and differences were found between the
treatment and control groups. For this reason, even if such an unbalance did not indicate
a positive bias in favor of the treatment group, we will consider this information in our
empirical analysis.
for school pairs, and then estimated a regression between the residue of the first and all the characteristics
we wanted to compare in that model.

10 Several variables are dummies that are equal to 1 if the school has the item in question and 0 otherwise,
however, other variables present the total amount of items and, in these cases, we generate variables that
represent the proportion of an item in relation to the total number of students, which are indicated by
(prop.).

11 The only variables with information for the entire sample were age, gender, and number of people
living in the same household. The variable age is a dummy that is equal to 1 if the child is five years old
or younger and 0 otherwise. Because the program is directed to four to five-year olds, at the end of the
school year, most were already five to six years old.
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1.3 General Results
As the sample was drawn using the experimental method, that is, based on the

randomization of the treatment/control assignment, in an ideal scenario, the group of the
treated individuals would be statistically equivalent to the group of controls, both in terms
of observable and non-observable characteristics. Thus, to assess the potential impact of
the program on Reading and Writing skills, we would simply use a regression between the
outcomes of interest and a dummy variable indicating whether the individual belongs to
the treatment group or not, in addition to including a set of dummies for school pairs (as
treatment/control assignment was randomized within pairs).

However, as in our balancing test, using both school and student characteristics,
we obtained a statistically significant joint difference, we will also include these contextual
variables and will start with the following model:

𝑌𝑖,𝑠 = 𝛼 + 𝛽𝑇𝑟𝑒𝑎𝑡𝑠 + 𝜌′Ws + 𝛿′Xi,s + 𝛾′Pairs + 𝜖𝑖,𝑠 (1.1)

where 𝑌𝑖,𝑠 is the standardized score for one of the assessments of student i from
school s; 𝑇𝑟𝑒𝑎𝑡𝑠 is the indicator of treatment; Ws is the vector of the school’s contextual
characteristics; Xi,s is the vector of the student’s contextual characteristics12; and Pairs is
the set of dummies for school pairs. All the estimations consider standard errors clustered
at the school level.

Furthermore, even though the tests used to check selective attrition did not present
significant unbalance between the treatment and control groups in our main sample
(TS&A), to allow for a more cautious analysis of the results, we used the methodol-
ogy proposed by (LEE, 2009) to include lower and upper bounds to the effects identified
in our general analysis13.

Finally, as we analyzed the effect of the program on the results measured by several
assessments, we will calculate the adjusted p-values for multiple hypothesis testing, as
described by Romano e Wolf (2016)14.

Table 1.4 presents the results for our general model and considering our main sam-
ple, indicating positive and statistically significant results for virtually all the outcomes
of interest.

For this general analysis, we ran some robustness tests to consolidate the results.
Table A3.3 in the Appendix A3 presents the general results, considering the same main

12 The vectors of the school’s and student’s contextual characteristics include all variables identified in
table 1.3.

13 Our estimations of Lee bounds do not consider the set of covariates given its large number and the
characteristics of some of them.

14 The results in bold presented in all the tables refer to an adjusted p-value at least <0.1.
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Table 1.4 – Impact of the Reading and Writing Program

ATE
Lee Bounds

Lower Bound Upper bound

PPVT 0.087* 0.052 0.142***
Reading a “Rhyme” 0.207*** 0.066 0.164***

Reading a List 0.105** 0.059 0.259***
Writing Name 0.081 0.049 0.112**
Writing Words 0.133** 0.079 0.182***

THCP - Language 0.107* 0.050 0.216**
THCP - Memory 0.066* -0.017 0.090

THCP - Attention 0.160** 0.043 0.145
THCP - Total 0.165** 0.089 0.207**

Expressive Vocabulary 0.086* -0.011 0.104
N (trimming proportion) 3,259 (0.0152)
N (trimming proportion): THCP Total 1,628 (0.0263)
N (trimming proportion): Vocabulary 1,624 (0.0214)

Note: Results estimated using ordinary least squares, with a set of dummies for school pairs,
a set of variables for school and students characteristics as indicated at balance check (table
1.3) and standard errors clustered at school level. TS&A Sample. *** means p-value <0.01,
**p-value <0.05 and * p-value <0.1. Results in bold means adjusted p-values at least <0.1.

sample, however, including only the dummy that characterizes the assessor as a contextual
characteristic, and considering a sample (TS&A + C) in which it was possible to consider
a larger number of students’ contextual characteristics15. The results that remain statis-
tically significant in all of the exercises, even when considering the adjusted p-values16,
are the positive effects on the Reading test of a “Rhyme” and Writing Words, with not
negligible magnitude, as always close to or above 0.12 standard deviations.

These results are in line with other results reported in the literature. The studies by
Neuman (1999) and Blachman et al. (1999) indicate that reading programs were already
effective in the acquisition of writing skills, while the study by Aram (2006) shows that
children attending a program providing some writing practice performed better on the
writing words test than children who only participated in a specific reading program.
The studies that used the reading words measure also presented positive effects among
the treated children (FUCHS et al., 2001; BLACHMAN et al., 1999), while the results
obtained in the receptive language test (PPVT) did not present statistical significance in
other studies (NEUMAN, 1999; ARAM, 2006).

15 Before presenting the results of the robustness tests, we present the results of the selective attrition
and balancing for this new sample, which are very close to those obtained for our main sample, in
tables A3.1 and A3.2. Unbalance between the treatment and control groups was found only regarding
the selective attrition test for the expressive language test, which had not been identified for the main
sample.

16 Even though the lower bounds of Lee were not statistically significant for these cases, both are above
zero. Note that these bounds do not consider any covariate.
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1.4 Heterogeneous Effects
In addition to assessing the extent to which the Reading and Writing program

impacts the development of children’s early literacy skills during childhood education, as
presented in section 1.3, we also sought to verify the existence of potential heterogeneous
effects using other information available.

1.4.1 Intensity of Treatment

The first question we seek to answer is whether the program’s effectiveness is re-
lated to the intensity of the treatment. How frequently the program’s trainer (Department
of Education technician) supervises the process, according to the report of the schools’
principals, will be used as a measure of intensity.

To address the intensity of the program, in addition to the regular variable indicat-
ing the treatment, we included a new dummy variable in the model presented in equation
1.1 that is equal to 1 if the treatment is intensive, that is, if the principal reports that the
supervision takes one or more times a month, and 0 if supervision happened less often
or if the school was not receiving the intervention. Thus, this coefficient will provide a
measure of the difference between intensive treatment and regular treatment.

Table 1.5 – Heterogeneous Results - Intensity of Treat-
ment

Intensive Regular

PPVT 0.264*** 0.004
Reading a “Rhyme” 0.017 0.238***

Reading a List 0.160 0.066
Writing Name 0.105 0.120
Writing Words 0.365** 0.050

THCP - Language 0.231** 0.089
THCP - Memory 0.176* 0.047

THCP - Attention -0.139 0.271**
THCP - Total -0.006 0.245**

Expressive Vocabulary 0.134 0.101
N 2,568
N: THCP Total 1,280
N: Vocabulary 1,281

Note: Results estimated using ordinary least squares,
with a set of dummies for school pairs, a set of vari-
ables for school and students characteristics as indi-
cated at balance check (table 1.3) and standard errors
clustered at school level. TS&A+P Sample. *** means
p-value <0.01, **p-value <0.05 and * p-value <0.1.
Results in bold means adjusted p-values at least <0.1.

Table 1.5 shows that the students from treated schools which were more frequently
supervised by local trainers performed better, especially on the PPVT and the Writing
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Words test. Evidence also indicates that the program itself makes a difference in the
reading results, while the intensity of the program is relevant for the development of
writing skills. We believe these results correspond to the reality of this educational stage.
Literacy in this stage is the subject of extensive debate and controversy. If, on the one
hand, reading tasks (especially when it comes to reading to children) are already naturally
encouraged and possibly implemented by schools in general, the implementation of writing
tasks, however, meets greater resistance.

Thus, it is reasonable to assume that the program’s regular implementation already
works to improve the reading interventions carried out with children. Writing practices,
however, would demand a change in the culture of teaching and greater commitment of
all the actors involved in preschool education.

1.4.2 School Infrastructure

Considering that the intensity of the treatment might positively influence some of
the students’ results, we would like to test whether the schools’ infrastructure would also
be a conditioning factor to obtain the program’s effects.

To access the contribution of infrastructure, we classified the schools into high
infrastructure and low infrastructure based on the information provided by 2015 School
Census17, and estimated the following model:

𝑌𝑖,𝑠 = 𝛼 + 𝛽𝑇𝑟𝑒𝑎𝑡𝑠 + 𝜑𝑇𝑟𝑒𝑎𝑡𝑠 · 𝐻𝐼𝑛𝑓𝑟𝑎𝑠 + 𝜌𝐻𝐼𝑛𝑓𝑟𝑎𝑠 + 𝛿′Xi,s + 𝛾′Pairs + 𝜖𝑖,𝑠 (1.2)

Unlike equation 1.1, we did not include the vector Ws of the school’s contextual
characteristics, because dummy 𝐻𝐼𝑛𝑓𝑟𝑎𝑠, which identifies high infrastructure schools,
was developed based on these characteristics. The results of coefficiente 𝜑 will indicate
whether the effects of the treatment differ or not according to the school’s infrastructure.

Evidence presented in table 1.6 indicates that, in general, considering the adjusted
p-value, school’s infrastructure does not influence the program’s results. Nonetheless, the
coefficients suggest that students from high infrastructure schools tend to perform better
in writing tests. At the same time, no association is found for reading tests, similar to the

17 To identify a school’s infrastructure, we performed a factor analysis using the characteristics of the
school identified in table 1.3 keeping only one main factor, but not all the variables were positively
associated with the factor. Therefore, we performed a new analysis keeping the variables Playground,
Reading Room, Bathroom, Dining Hall, N. Classrooms (prop.), N. Adm. Computers (prop.), N. Students
Computers (prop.), N. Employees (prop.) in the estimation of the factor. With all this information
positively associated with the factor, the higher the value, the larger a school’s infrastructure. Hence,
we built a dummy variable that is equal to 1 for schools with results above the factor’s median factor
(considered of high infrastructure) and 0 otherwise, with an equal number of treatment and control
schools at the two levels.
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Table 1.6 – Heterogeneous Results - School Infrastruc-
ture

High Infrastructure

Interaction Treat

PPVT 0.329** -0.069
Reading a “Rhyme” -0.042 0.141

Reading a List -0.040 0.099
Writing Name 0.351* -0.097
Writing Words 0.178 0.082

THCP - Language 0.272* -0.017
THCP - Memory 0.089 0.008

THCP - Attention 0.432** -0.101
THCP - Total 0.410** -0.079

Expressive Vocabulary 0.191 -0.087
N 3,259
N: THCP Total 1,628
N: Vocabulary 1,624

Note: Results estimated using ordinary least squares,
with a set of dummies for school pairs, a set of vari-
ables for students characteristics as indicated at bal-
ance check (table 1.3) and standard errors clustered
at school level. TS&A Sample. *** means p-value
<0.01, **p-value <0.05 and * p-value <0.1. Results
in bold means adjusted p-values at least <0.1.

results observed for the intensity of treatment, reinforcing the assumption that writing
would demand greater effort and more resources, at least in this educational stage.

1.4.3 Principals and Teachers

Another hypothesis is that the experience of principals and teachers could affect
the treatment. At first, we assumed that less experienced professionals would be more
open to new experiences, engaging further in training and implementation, which would
enhance the effects on the students’ results.

To verify this possibility, we used the principals and teachers’ answers regarding
how long they had been serving as principal or teacher, respectively, and generate dummies
equal to 1 if professionals had up to 10 years of experience or 0 if they had more than 10
years. In the case of teachers, we also analyzed their educational level, using a variable
that identifies those who held a bachelor’s degree in opposition to those who also attended
some graduate studies.

We estimated a model very close to equation 1.2, including the interaction be-
tween the treatment and the variable of experience(education) and the variable of expe-
rience(education) itself, but now keeping the vector of the schools’ contextual character-
istics, as in equation 1.1.

The results of the interaction coefficients presented in tables 1.7 and 1.8 are not
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Table 1.7 – Heterogeneous Results - Principals

Experience: Less than 10 years

Interaction Treat

PPVT 0.369* -0.033
Reading a “Rhyme” -0.364* 0.383***

Reading a List -0.237 0.204*
Writing Name 0.534 -0.072
Writing Words -0.187 0.167

THCP - Language 0.555 -0.117
THCP - Memory -0.087 0.143

THCP - Attention -0.486** 0.536***
THCP - Total -0.265 0.426***

Expressive Vocabulary 0.436 -0.017
N 2,568
N: THCP Total 1,280
N: Vocabulary 1,281

Note: Results estimated using ordinary least squares, with
a set of dummies for school pairs, a set of variables for
school and students characteristics as indicated at balance
check (table 1.3) and standard errors clustered at school
level. TS&A +P Sample. *** means p-value <0.01, **p-
value <0.05 and * p-value <0.1. Results in bold means ad-
justed p-values at least <0.1.

statistically significant, considering the adjusted p-value. This suggests that the profes-
sionals’ experience and education, as the case may be, do not affect the magnitude of the
program’s effects.

Table 1.8 – Heterogeneous Results - Teachers

Experience: Less than 10 years Schooling: Less than Postgraduate
Interaction Treat Interaction Treat

PPVT 0.226** 0.000 -0.023 0.100
Reading a “Rhyme” 0.034 0.171** -0.006 0.187**

Reading a List 0.124 0.048 -0.021 0.105
Writing Name 0.216 -0.000 0.058 0.064
Writing Words 0.141 0.096 0.224 0.060

THCP - Language 0.034 0.089 0.083 0.067
THCP - Memory 0.107 -0.007 0.166 -0.030

THCP - Attention 0.133 0.032 0.121 0.031
THCP - Total 0.134 0.046 0.162 0.031

Expressive Vocabulary 0.115 -0.002 0.093 0.006
N 2,692 2,692
N: THCP Total 1,341 1,341
N: Vocabulary 1,345 1,345

Note: Results estimated using ordinary least squares, with a set of dummies for school pairs, a set of
variables for school and students characteristics as indicated at balance check (table 1.3) and standard
errors clustered at school level. TS&A+T Sample. *** means p-value <0.01, **p-value <0.05 and *
p-value <0.1. Results in bold means adjusted p-values at least <0.1.

In the case of the teachers, the signs of these coefficients show a tendency that
goes in the same direction as our hypothesis that less experienced teachers could positively
influence the students’ results. In the case of the principals, however, the tendency is not
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very clear. This difference may be explained by the fact that principals also work as
educators within the program’s methodology, a role that may be positively affected by
greater experience.

1.4.4 Students Age

Finally, we would like to test whether the program’s effect would be different
depending on the children’s ages. As previously mentioned, the age of the program’s
targets ranged from four to five and 11 months old, that is, at the end of the first year
of implementation, most of the students were between five and six years old, which is
considered in the analysis of potential heterogeneous effects.

Thus, a model was estimated according to the terms described in subsection 1.4.3,
including an interaction between the treatment and a dummy that identifies this increase
in age (equal to 1 for students aged five years old or younger) and an individual dummy
of age.

According to the results presented in table 1.9, there would be no significant dif-
ferences between the results of younger and older children participating in the program.
These children, with very similar ages, are likely in a very similar stage of development.
The interaction coefficient for almost all the assessments, however, indicates a positive
tendency in favor of the younger children, although some people consider that it is pre-
mature to implement certain practices of the program at this educational stage.

Table 1.9 – Heterogeneous Results - Students Age

Age < = 5 years old

Interaction Treat

PPVT 0.129 0.009
Reading a “Rhyme” 0.005 0.204***

Reading a List 0.039 0.081
Writing Name 0.046 0.053
Writing Words 0.084 0.082

THCP - Language 0.064 0.068
THCP - Memory -0.156 0.162**

THCP - Attention -0.084 0.211**
THCP - Total -0.106 0.230**

Expressive Vocabulary 0.048 0.057
N 3,259
N: THCP Total 1,628
N: Vocabulary 1,624

Note: Results estimated using ordinary least squares,
with a set of dummies for school pairs, a set of vari-
ables for school and students characteristics as indicated
at balance check (table 1.3) and standard errors clus-
tered at school level. TS&A Sample. *** means p-value
<0.01, **p-value <0.05 and * p-value <0.1. Results in
bold means adjusted p-values at least <0.1.
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In the literature analyzing the implementation of early literacy programs in child-
hood education, only the study by Aram (2006) assessed heterogeneous effects by age but
does not report differences in the results, except in the case of the receptive language
test, which was also our coefficient with the highest magnitude, though not statistically
significant.

1.5 Discussion
Evidence found in the literature reveals many significant differences in the acquisi-

tion of cognitive skills among vulnerable children, which can be verified in the early years
of education (HART; RISLEY, 1995; COLEY, 2002) and usually persist into adulthood
(HECKMAN, 2008). Additionally, studies have shown that interventions implemented
during early childhood are important mechanisms to decrease these inequalities (CUNHA
et al., 2006). In this sense, this study contributes to this body of literature by investigat-
ing the possibility of a reading and writing program implemented in public preschools to
impact some early literacy measures.

Our findings show that the children from the schools included in the treatment per-
formed better, especially in the reading and writing measures, which is in line with other
studies addressing literacy programs for childhood education (ARAM, 2006; BAUSER-
MAN et al., 2005; NEUMAN, 1999; WASIK; BOND, 2001; FUCHS et al., 2001; BLACH-
MAN et al., 1999). The difference of this study in comparison to other studies lies mainly
in the pedagogical content and methodology of the programs analyzed. Most of the child-
hood education programs adopt reading tasks because the development of writing skills
in this stage is controversial and seldom disseminated. Additionally, even though one of
these studies has already addressed a writing-focused program (ARAM, 2006), the author
reports a specific focus on the letters of the alphabet and name writing. The methodology
used to implement the programs is based on training the teachers to implement a specific
number of very well delimited tasks throughout the intervention. We believe that the
methodology of our program is an important differential because the training dynamics
seek to establish a collaborative network, promoting a sustainable environment in the
medium and long term, so that the work is not interrupted after the schools’ partici-
pation in the program ceases. The purpose is to involve people and promote a change
in the culture of teaching practices in the entire network, so that teachers change their
daily practices concerning reading and writing in the way and to the extent they consider
appropriate.

This study is also expected to contribute to the implementation of evidence-based
public policy. As previously mentioned, the scores obtained by children attending Brazilian
public schools in literacy assessments are already poor and unequal in the 3rd grade,
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despite this, new provisions were proposed by the Brazilian Common Curricular Base,
approved in December 2017, establishing the focus on literacy in the first two years of the
elementary education (children are now assessed in the 2nd grade, rather than in the 3r
grade). Studies show that reading and phonological awareness measures assessed during
preschool are important predictors of reading levels throughout elementary education
(DUNCAN et al., 2007; STORCH; WHITEHURST, 2002; COSTA et al., 2013). Other
studies show similar results for writing words, assessed during early childhood education
(ARAM; LEVIN, 2004; ARAM, 2005). Therefore, identifying the type of program that
changes the level of reading and writing skills during preschool may support the decisions
of policymakers in order to obtain improved results from the children’s literacy process,
promoting equal opportunities for them to develop skills.

This study’s results also show the importance of looking at the development of
writing skills at this educational phase. Evidence indicates that the effects of interventions
on writing measures may be even more significant depending on the intensity of the
treatment and the school’s infrastructure. In this sense, writing skills possibly depend on
greater effort and more resources, which would require an actual change in the teaching
culture, demanding a debate and the involvement of all those involved.

Finally, one of this study’s limitations is the fact that we would like to investigate
whether the program’s methodology would really be sustainable in the long run and
whether the effects of the intervention would continue throughout the results of children
in the first years of elementary education. We do not have access to data nor have the
resources that would allow such an analysis though.



31

2 Social networks, peer effects and socioe-
motional skills

2.1 Introduction
Peer effects and socioemotional skills are two subjects that have recently drawn

special attention from the literature on economics of education. Various studies have
attempted to identify the impact of these characteristics on the academic performance
of students1, however, few studies incorporate these two factors and, as far as we know,
none of them have explored all the nuances we propose here.

Our main goal is to investigate how the influence of peers and socioemotional
skills are related. We propose to answer this question through three exercises. We will
use a database composed of elementary students attending municipal schools located in
the city of Recife (Brazil). This database contains information that is relevant for the
development of measures of socioemotional competencies, and especially, to identify the
students’ friendship networks2.

In the first exercise, we will analyze how the socioemotional skills of peers af-
fect individual outcomes, from a contextual perspective, on academic performance, and
from an endogenous perspective, on the students’ socioemotional skills. We will perform
a peer-effect model that is similar to the empirical model most commonly used in this
area (the “linear in means” model), but which addresses two of its major inconveniences,
the problem of correlate effects and identification problem. Evidence indicates negative
and significant endogenous effects, both in the case of socioemotional measures and cog-
nitive measures3, and, in some cases, positive and significant contextual peer-effects of
socioemotional measures.

As far as we know, the literature is still very incipient in terms of peer-effects
1 In terms of socioemotional competencies, the literature has shown that both cognitive and socioemo-
tional skills are equally important for an individual’s development (CUNHA; HECKMAN, 2008). More
specifically, Heckman, Stixrud e Urzua (2006), Borghans et al. (2008) and Almlund et al. (2011) show
that socioemotional skills are as important as cognitive skills to explain not only educational outcomes
but various dimensions of individuals’ lives such as wage, employability and risk behavior. There is also
abundant literature indicating the existence of peer effects on academic outcomes in the most varied
educational phases, from elementary school to higher education (SACERDOTE, 2001; HANUSHEK et
al., 2003; HOXBY, 2000; VIGDOR; NECHYBA, 2007; LAVY; PASERMAN; SCHLOSSER, 2012).

2 Peer-effect models generally assume that individuals interact in groups, that is, an individual is affected
by all the individuals in his group and by no one outside it. In the context of friendship networks, potential
interpersonal relationships would be formalized as direct links between agents, and the collection of all
these links is called social network (DZEMSKI, 2014), which enables the existence of heterogeneous
reference groups among individuals in the same network.

3 These measures are well defined in section 2.2.
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of non-cognitive competencies on individual outcomes. Using Brazilian data and assum-
ing that individuals interact in groups, Chikitani (2015) investigated the existence of
endogenous peer-effects on the students’ measure of Locus of Control and found nega-
tive effects, though not significant. In another study using Brazilian data Gonçalves e
Raposo (2016) explores the structure of networking and two questions related to the stu-
dents’ self-perception4 and observed positive contextual peer-effects of self-perception on
math test scores5, but no endogenous peer-effects for these questions. Finally, addressing
data from Hong Kong, Chan e Lam (2014) used different types of friendship networks6

to analyze peer-effects on academic outcomes and on the grade assigned by teachers to
behavior. Even though they considered five factors of the Big Five inventory to analyze
potential contextual effects, some significant effects are found only for conscientiousness
7. Regarding endogenous effects, if we take into account the outcome variable closest to
the socioemotional measure (grade assigned to behavior), the authors found significant
(positive) spillovers only when considering the studymate network.

In the context of the peer-effect model used so far, we would observe the effects
of variation on the mean of the characteristics and outcomes of the reference group of
a student on his individual outcomes. It turns out that this variation may change the
reference network itself, as these characteristics may be associated with the individuals’
decisions to establish links.

Therefore, to more broadly identify peer-effects, it would be interesting to observe
peer-effects via the direct effect of characteristics and behavior of the social network on
individuals’ behavior, but also, via effect of characteristics and behavior of the social
network on itself.

Therefore, we will start the second round of exercises using a social network for-
mation model such as the one designed by Goldsmith-Pinkham e Imbens (2013), to iden-
tify which characteristics most frequently influence the process of ties formation among
individuals8, that is, what increases the probability of an individual to establish interde-
pendent relationships with another? Would it be similar socioemotional characteristics?
Similar cognitive skills? Or having common friends? Evidence suggests that, between
cognitive and socioemotional skills, the closer the socioemotional measures between two

4 These are not measures of socioemotional skills, only two questions were intended to capture the
perceptions of students regarding non-cognitive issues (one asks whether the students would change
anything about their personality and the other asks whether the students felt excluded in the classroom).

5 Even though the model they analyze does not incorporate the possibility of endogenous peer-effects
on individual math grades.

6 They estimated distinct effects for the peers’ networks identified by the students as friends, studymates
and seatmates.

7 Contextual effect of conscientiousness on mathematics and behavioral grade, if considered the friends
network, and on English grade considering both friends and studymate networks.

8 Basically, we want to study homophily behavior (the tendency of people to relate with those who are
similar to themselves) in an evolving network.
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students, the greater the probability they will become friends.

The literature shows only one study that considers socioemotional competencies in
a model of network formation. Although it does not provide a clear comparison between
the role of cognitive and socioemotional skills in the formation of links9, and it does not
consider covariates that had been already shown to be relevant in the formation of links,
such as prior existence of common links and/or friends, Chan e Lam (2014) also find that
similarities in socioemotional measures, specifically conscientiousness and extroversion,
influence the establishment of connections among students, when the friends network is
considered.

Finally, our last objective will be to use an empirical model that will allow us to
observe the possibility of heterogeneous effects. Within a social network there are hetero-
geneities in the friendship relations and in the complementarities that an individual can
obtain in his interpersonal relationships, which also depend on the friendship established
with each individual in his social network, that is, the influence that a group exerts on
an individual may be particularly related to the position of this agent within the group
and, therefore, vary according to this position.

Therefore, to assess the hypothesis of heterogeneous effects, we will use a model
that explores the role of the student’s position on the social network on his educational
outcomes, using network centrality measures10.

As far as we know, no studies investigating the impact of centrality on educational
outcomes consider socioemotional skills in its specification, whether at the individual or
peer level. Hahn et al. (2015) acknowledge the relevance of these skills for the model
and implement exercises to show that some socioemotional measures have a positive and
significant impact on centrality measures, which would corroborate the hypothesis that
the effects of centrality measures would actually capture some non-cognitive measure. The
fact is that even controlling for the students’ and their peers’ socioemotional measures,
we continue to find positive and significant effects for the centrality measures, suggesting
that these effects may not only be capturing the impact of socioemotional skills but also,
the impact of complementarities obtained by the subjects in their friendships.

In addition to the three exercises previously mentioned, we also simulated 500
samples to investigate how peer-effects would behave if we observed social networks with
links established according to the model of network formation. For the endogenous and
contextual peer-effects model (first exercise) we still find evidence of negative endogenous
effects for virtually all the measures of analyzed results 11, however, we found only con-
textual peer effects of the outcome variable itself, observed in the previous period. On

9 Only one cognitive variable resulting from a logic test, is included in the model.
10 We will use four measures traditionally adopted in the literature, which are defined in section 2.2.
11 Only for one of the socioemotional measures, the effect is no longer significant.
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the other hand, when we consider the model of heterogeneous effects (third exercise), the
effects of individual centrality measures not only remain, but also often are even more
expressive, in terms of magnitude, in relation to the results observed for the original sam-
ple. In general, the simulated results indicate the relevance of considering the mechanisms
of network formation, when studying the potential influence resulting from interactions
among individuals.

In summary, we understand that our study can contribute to the advancement of
literature, first because it is the only study addressing the relationship between socioe-
motional skills and the influence of peers not only for a general peer effects model but
it also expands the investigation to a peer formation model and a model that considers
the complementarities an individual may obtain from his interpersonal relationships, and
also because, in the case of each exercise, we explored other nuances, whether in the use
of friendship networks, the use of variables that measure socioemotional skills per se, or
in the very specification of the models.

Additionally, the results found here for the relationship between socioemotional
skills and peer effects can contribute to evidence guiding public policies, for instance,
supporting a more effective allocation of students, and even, supporting the work of
teachers with groups of students in the same class.

2.2 Data and Measures

2.2.1 Data Set

The database used in this study is the result of an assessment of the 𝐿𝐸𝐺𝑂 R○

Education Program12. Data were collected from 3rd to 5th grade students of 30 municipal
schools located in the city of Recife (State of Pernambuco, Brazil). The schools were
randomly drawn from a universe of 120 schools.

Data were collected in two stages, a “baseline”, which took place in July 2014, and
a “follow-up”, which took place in December 2014.

In both stages, 3rd to 5th grade students answered to a cognitive skills test and to
a socioemotional skills test. They also completed a small questionnaire to identify their
friendship network within their respective classrooms (essential for this study’s objec-
tives)13.

In addition to the socioemotional, cognitive, and friendship network measures, the
12 In summary, the program consists of carrying out practical activities, using 𝐿𝐸𝐺𝑂 R○ blocks to aid
students understand a specific topic in the course curriculum.

13 A more detailed description of these tests and questionnaires are presented in the next sections.



35

database provides information such as the students’ birth dates (age14) and gender15.
Additionally, we gathered data from two proficiency measures that resulted from stan-
dardized tests in Portuguese Language and Mathematics from the Pernambuco Educa-
tional Assessment System (Sistema de Avaliação Educacional de Pernambuco - SAEPE),
conducted two weeks before the follow-up test were applied to assess 𝐿𝐸𝐺𝑂 R○ Education.

A total of 3,252 students who provided answers to the cognitive or socioemotional
test in one of the two data collection stages were identified in the raw database. Of these,
2,720 students are in the follow-up and 2,419 are in the baseline (1,887 of these students
are in both stages). After we generate the cognitive and socioemotional measures (as
described in a later subsection), we kept in the database only the students who had (i)
these three measures, (ii) information on age and gender, (iii) proficiency measures on
Language and Mathematics, and (iv) who participated in both data collection stages,
which resulted in a sample of 1,393 students. Finally, because of the peer-effects exercises,
isolated students were excluded from the sample16, according to data of the friendship
network identified in the follow-up, thus, a final database (considering a balanced panel)
composed of 1,260 students remained.

2.2.2 Socioemotional and Cognitive Measures

2.2.2.1 Exploratory Factor Analysis

The students’ socioemotional skills were measured using the under-construction
version of the Social and Emotional or Non-cognitive Nationwide Assessment - SENNA
(SANTOS; PRIMI, 2014), developed by the Ayrton Senna Institute.

SENNA was developed as a single optimized instrument based on the selection of
items from existing instruments, so that its items would represent the five factors of the
Big Five17 and a sixth additional factor18:

1. Openness to new experiences: tendency to be open to new aesthetic, cultural
and intellectual experiences. Individuals with this characteristic tend to be imagi-
native and curious.

14 Based on the students’ birth dates, we first generate an age variable in days, which was divided by
365 to find a variable in years to be used in our exercises.

15 To use the information on gender, we created a dummy variable that would be 1 if the student was
a boy and 0 if a girl.

16 That is, considering the definition of social network provided in subsection 2.2.3, we excluded those
who nominated no one or were not nominated by no one, in line with other studies that follow this same
procedure, see Goldsmith-Pinkham e Imbens (2013), for instance.

17 Using a statistical filter, the Big Five theorists found five factors that explain most of the variation
of an extensive range of personality measures(SANTOS, 2011).

18 Examples of the items for each of the six factors that compose the test are presented in the Appendix
B1.
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2. Conscientiousness: tendency to be determined, organized, committed, and re-
sponsible. Individuals with this characteristic tend to be focused, control impulses,
and postpone rewards.

3. Extroversion: interests and energy are driven to the external world, people and
things (as opposed to the inner world of subjective experiences). Individuals with
this characteristic tend to be communicative and sociable.

4. Agreeableness: tendency to be cooperative and generous. Individuals with this
characteristic tend to have good will and empathy.

5. Emotional Stability: predictability and consistent emotional responses, without
sudden changes in mood. Individuals with this characteristic tend to be calmer
and less vulnerable to stress and anger. The reverse of emotional stability is called
neuroticism.

6. Locus of control: it reflects the extent to which individuals attribute current
experiences to past behavior and decisions (internal locus), or chance, luck or third
parts’ actions and decisions (external locus).

The version of the questionnaire that was applied was composed of 83 items rated
on a five-point Likert scale. Using an exploratory factor analysis, we verified whether the
items were highly correlated to the factor they were supposed to summarize. It is impor-
tant to note that some items are designed to capture the factors’ positive tendency while
others to capture a negative tendency19. Anyway, before proceeding with the factor anal-
ysis, we reverted the negative items so all factors would present a positive interpretation.

The scree plot 2.1, which was obtained after performing a factor analysis with the
items from SENNA20, shows that the point of inflection occurs in the third eigenvalue,
thus the scree criterion proposed by Cattell (1966) indicates that the number of factors
correspond to the number of eigenvalues above this inflection point, that is, we were able
to extract two factors and not six, as previously expected.

For further estimation of these factors, we need to verify which items represent
each of them. Through a common factor analysis, we estimated the factor loadings of each
item, which are reported in the table B2.1 of the Appendix B2. As each SENNA’s item
is related to one of the six domains previously described, we observed the factor loadings

19 For instance, higher scores assigned in the Likert scale for the item “I’m calm and control my stress
well” indicate greater emotional stability (positive pole), while higher values assigned in the Likert scale
for the item “I tend to lose patience” indicate lower emotional stability or higher neuroticism (negative
pole).

20 All the exploratory analysis’ results in the paper consider baseline data for the students, who in
this stage answered all the items presented in the SENNA instrument, in the case of the socioemotional
analysis, and answered all the cognitive tests, in the case of the cognitive analysis presented in the
sequence. Analyzes considering follow-up data were also performed and the results do not change.
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Figure 2.1 – Scree Plot of Eigenvalues - Sociemotional Analysis

and identified which domains have greater weight in the factor we extract, which led us
to call them “Reliability&Curiosity” and “Self-Management”.

Considering the cognitive skills, in addition to specific measures of proficiency
in Language and Mathematics, we have in the database measures derived from the five
tests21 of the cognitive skills assessment developed by Nakano et al. (2015) which were
applied to the students, namely:

1. Verbal Reasoning Test: extension and depth of verbal vocabulary knowledge and
ability to reason using previously learned concepts.

2. Abstract Reasoning Test: ability to reason in new situations, create concepts
and understand implications.

3. Spatial Reasoning Test: ability to represent and manipulate mental images.

4. Numerical Reasoning Test: understanding of basic quantitative concepts, such
as addition, subtraction, multiplication, and division and manipulation of numerical
symbols.

5. Logical Reasoning Test: problems involving logical reasoning that are closed to
the children’s daily life.

Each of these tests contain nine questions and result in a score of 9 points, based
on the sum of the correct answers to the items of each question, or as we designed, a score
that represents the proportion of correct answers. Even though in this case we have a
smaller number of measures, we also performed an exploratory factor analysis with these
five scores and verified that it is possible to summarize this information on a single factor,
according to the scree plot 2.2, which we call “Cognitive Factor”.

21 Examples of items of each of the five tests are found in Appendix B1.
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Figure 2.2 – Scree Plot of Eigenvalues - Cognitive Analysis

2.2.2.2 Confirmatory Factor Analysis

After determining the number of factors that we can extract from the SENNA’s
items and from the cognitive test scores, we need to estimate the scores of factors that
will represent these measures. For this analysis, we will use a factor model along the lines
of the one used by Attanasio et al. (2020), assuming the following equation system:

𝑚𝐶
𝑗,𝑡 = 𝜇𝐶

𝑗,𝑡 + 𝛽𝐶
𝑗,𝑡𝑙𝑛𝐶𝑡 + 𝜖𝐶

𝑗,𝑡

𝑚𝑆1
𝑗,𝑡 = 𝜇𝑆1

𝑗,𝑡 + 𝛽𝑆1
𝑗,𝑡 𝑙𝑛𝑆1𝑡 + 𝜖𝑆1

𝑗,𝑡

𝑚𝑆2
𝑗,𝑡 = 𝜇𝑆2

𝑗,𝑡 + 𝛽𝑆2
𝑗,𝑡 𝑙𝑛𝑆2𝑡 + 𝜖𝑆2

𝑗,𝑡

where 𝑚𝑖
𝑗,𝑡 is the jth measure related to factor i={C,S1,S2}, in time t={baseline,

follow-up}; 𝜇𝑖
𝑗,𝑡 are the measures’ expected values; 𝛽𝑖

𝑗,𝑡 are the factor loadings; and 𝐶𝑡,
𝑆1𝑡, 𝑆2𝑡 are the latent factors we want to estimate. The model assumes that errors 𝜖𝑖

𝑗,𝑡

are independent of latent factors, have a mean zero, and do not correlate over time.

Still, according to Attanasio et al. (2020), to define the scale, we established that
the factor loading of the first measure, associated with each factor, would be equal to 1,
that is 𝛽𝐶

1,𝑡 = 𝛽𝑆1
1,𝑡 = 𝛽𝑆2

1,𝑡 = 1 and normalized the factor loadings in the same measures
both in the baseline and follow-up. Additionally, we know that to identify the model,
we need at least three measures with a factor loading different from zero for each latent
factor, which in our case would not be a problem, considering that the factor with the
lowest number of measures (cognitive) has five measures.

Based on the factor model previously defined, we estimated the factors in two
stages. In the first stage, we estimated the factor loadings, intercepts, and variance and
covariance matrix through a minimum distance estimator. In the second stage, we used
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the structures estimated in the first round to estimate the scores of the factors through
the Barlett’s method22.

2.2.3 Networking Measures

The identification of the students’ friendship network is extremely important for
the implementation of the models we intend to estimate and the database of the 𝐿𝐸𝐺𝑂 R○

Education Program provides the detailed information that makes this objective possible.

During the two stages of collecting data from the Program, the students answered
a small questionnaire in which they should choose (from a list provided earlier) the names
of students with whom they played, studied, or talked with. The list contained the names
of all the students enrolled in the same classroom. The students could choose four students
at most for each activity. For the restricted number of names to be chosen in each activity
did not prevent the students from representing their real friendship network, we generate,
for this study’s purposes, a network that included all the classmates chosen by a given
student in the three activities. It implies that one student could choose up to 12 different
students but the maximum number chosen was 8 students.

Based on this information, we identified the students’ friendship networks and
represented them in a matrix form. A social network is a social structure composed of
nodes (in this case the students), who are interconnected by links, represented here by a
friendship relation, reported by the students at the time of the survey.

Be R the number of networks23, indexed by r, the relationships between students
are captured by a network gr, with 𝑔𝑟,𝑖𝑗 = 1 if “i” and “j” are friends, and 𝑔𝑟,𝑖𝑗 = 0
otherwise. Since a friendship is a reciprocal relationship, we consider that there is a link
between the node “i” and node “j” if “i” chose “j” or if “j” chose “i”, that is, 𝑔𝑟,𝑖𝑗 = 𝑔𝑟,𝑗𝑖 and
𝑔𝑟,𝑖𝑖 = 0. Additionally, to each network gr we associated an adjacent matrix Gr = [𝑔𝑟,𝑖𝑗],
which stores the relationships of gr. As we defined, matrix Gr is symmetrical and the
elements of its diagonal are equal to zero.

We can also design a matrix of weights for the network, which represents the
proportion of the influence of each of the friends of a given student. Be Wr a matrix that
contains elements 𝑤𝑟,𝑖𝑗 = 𝑔𝑟,𝑖𝑗

𝑔𝑟,𝑖
, with 𝑔𝑟,𝑖 = ∑︀𝑛𝑟

𝑗=1 𝑔𝑟,𝑖𝑗, the number of links of “i”.

Below we present a graphic and matrix example for a friendship network in our
sample with five students.

22 It obtains the scores of factors regressing the measures on the factor loadings and using the variance
and covariance matrix of error as weight.

23 In this case, R is the number of classrooms included in our sample, considering that the report of
friendships was restricted to the list of students enrolled in the same class.
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Figure 2.3 – Network Example

G =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0 0 1 0 0
0 0 0 1 0
1 0 0 1 0
0 1 1 0 1
0 0 0 1 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
W =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0 0 1 0 0
0 0 0 1 0

1/2 0 0 1/2 0
0 1/3 1/3 0 1/3
0 0 0 1 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
The information of figure 2.3 and of the matrices complement each other and make

it clear how the social network structure works according to our definition. Note the first
line of matrix G, it shows that student 1 is friend of student 3. In the figure, an arrow
connects the student 1’ node to student 3’ node24. As student 1 has only one friend, this
friend exerts 100% peer-effect on student 1, as verified in the first line of matrix W. This
example also shows a very relevant piece of information for the study’s scope, that the
centrality of students may present some variation within the same network, which will be
explored in the analysis of heterogeneous effects. Thus, we need to define the centrality
measures that will be used25:

1. Closeness Centrality: measures how close a node is to other nodes in a given
network gr.
𝐶𝑙𝑜𝑠𝑒𝑛𝑒𝑠𝑠𝑖(gr) = 1∑︀

𝑘 ̸=𝑖
Δ𝑖𝑘

* (𝑛𝑟 − 1)
In which Δ𝑖𝑘 is the length of the shortest path between node “i” and node “k” (the
length between two nodes directly linked is 1).

24 Note the arrows are bidirectional, for instance, an arrow goes from 1 towards 3 and an arrow goes
from 3 towards 1. This structure will be verified for all the students who are friends, in all the networks,
as we consider friendship to be a reciprocal relationship.

25 There are various centrality measures and we decided to use these four because they are the most
frequently used and also because other studies adopted these same measures, which will facilitate making
some comparisons.
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2. Betweenness centrality: in a given node, this measure is equal to the number of
the shortest paths between each pair of nodes in the network passing through this
node, that is, for a given network gr:
𝐵𝑒𝑡𝑤𝑒𝑒𝑛𝑒𝑠𝑠𝑖(gr) = ∑︀

𝑠 ̸=𝑖

∑︀
𝑡̸=𝑖

𝜎𝑠𝑡(𝑖)
𝜎𝑠𝑡

In which 𝜎𝑠𝑡 is the total number of the shortest paths between node “s” and node
“t” and 𝜎𝑠𝑡(𝑖) is the number of these paths that passes through node “i”.

3. Degree Centrality: Measures the number of links of a given node.
𝐷𝑒𝑔𝑟𝑒𝑒𝑖(gr) = 1

(𝑛𝑟−1) * ∑︀𝑛𝑟
𝑗=1 𝑔𝑟,𝑖𝑗

4. Katz-Bonacich Centrality: measures the importance of a given node within a
social network. To assess how well a node is located, we use the weighted sum of
the paths departing from this node. A certain value 𝛽𝑔𝑟,𝑖 is assigned to each node,
a value that is proportional to its connectivity 𝑔𝑟,𝑖 = ∑︀𝑛𝑟

𝑗=1 𝑔𝑟,𝑖𝑗, this value being
increased with the value of the node located at a distance link of “i”, two distance
links, and so on, discounted by a factor that decreases as the distance increases,
that is, the value of the node located “s” distance links “i” is weighted by 𝛽𝑠−1. Be
1 a vector of ones, the vector of Katz-Bonacich centrality can be defined as:

b(gr, 𝛽) = 𝛽Gr1 + 𝛽2Gr
21 + 𝛽3Gr

31 + ... =
∞∑︁

𝑠=0
𝛽𝑠Gr

𝑠 · (𝛽Gr1)

And for 𝛽 small enough26, this infinite sum converges to a finite value, which gives
us:

b(gr, 𝛽) = (Ir − 𝛽Gr)−1 · (𝛽Gr1)

Given the definitions, if we go back to the network we used as an example, we
see that student 3 is the most connected within the network, and in this case, is also the
one with the greatest magnitude in all the centrality measures. On the other hand, even
though students 1, 2 and 5 have only one friend, it does not mean they share the same
results for all the measures, see the case of the Closeness measure, in which the result of
student 1 is approximately 0.44, while the results of students 2 and 5 is 0.5.

2.3 Empirical Strategy
This study’s first goal is to analyze whether the peers’ socioemotional skills influ-

ence students, both from a contextual perspective, on academic performance, and from
an endogenous perspective, on one’s socioemotional skills.

26 To ensure that (Ir − 𝛽Gr)−1 to be invertible we need 𝛽 < 1
𝜆𝑚á𝑥(Gr) , where 𝜆𝑚á𝑥(Gr) is the highest

eigenvalue of the network Gr, and a sufficient condition would be 𝛽 < 1
𝑛𝑟−1 (CALVÓ-ARMENGOL;

PATACCHINI; ZENOU, 2009).
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In this investigation, we will start with a spatial autoregressive model (SAR), as
the one used by Lee (2007):

𝑌𝑟,𝑖 = 𝛽𝑌 𝑟,𝑗 + X𝑟,𝑖𝛾 + X𝑟,𝑗𝛿 + 𝛼𝑟 + 𝜖𝑟,𝑖 (2.1)

In the model, 𝑌𝑟,𝑖 is an outcome variable of student “i” from network “r”, 𝑌 𝑟,𝑗 =
1

𝑔𝑟,𝑖

∑︀𝑛𝑟
𝑗=1 𝑔𝑟,𝑖𝑗𝑌𝑟,𝑗 is the mean of the outcome variable for the peers of student “i”, X𝑟,𝑖 is

a vector of characteristics of the student and of his family, X𝑟,𝑗 = 1
𝑔𝑟,𝑖

∑︀𝑛𝑟
𝑗=1 𝑔𝑟,𝑖𝑗X𝑟,𝑗 is

a vector with the mean of the characteristics of the peers of individual “i” and of their
families and 𝛼𝑟 represents the non-observable characteristics of network r.

For the sake of convenience, we can represent equation 2.1 in matrix terms as
follows:

Yr = WrYr𝛽 + Xr𝛾 + WrXr𝛿 + łnr𝛼r + 𝜖r (2.2)

According to the definition provided by Manski (1993), this model would cover
three effects: (i) endogenous effect, verified by coefficient 𝛽, whereby an individual’s be-
havior (outcome variable) varies with the mean of his peers’ behavior; (ii) exogenous
or contextual effect, verified by coefficient 𝛿, whereby the behavior of individuals vary
according to the mean of the exogenous characteristics of his peers (contextual or prede-
termined characteristics); and (iii) correlated effects, given that the group selects people
with similar contextual characteristics, which cannot be directly observed.

Despite the advantage of simplicity, this model presents some drawbacks in its
estimation, which may make it impossible to identify the effects. One of the first issues
is that the model could be “contaminated” by a self-selection problem, or, as defined by
Manski (1993), correlated effects. It means that the presence of an individual within a
group may be due to him having certain characteristics not observed by the econometrist,
which can be correlated with the individuals’ other exogenous characteristics, which biases
the parameters estimation. To deal with this problem, we used the strategy adopted
by various studies (CALVÓ-ARMENGOL; PATACCHINI; ZENOU, 2009; LEE, 2007;
BRAMOULLÉ; DJEBBARI; FORTIN, 2009) that is to include fixed effects at the network
level (𝛼𝑟), which empirically means that we included dummies for classrooms (our unit
of social network) in the specification.

The second big problem is that, in principle, the model cannot be directly esti-
mated because of a simultaneity problem called by Manski (1993) of reflection problem.
Note that our specification is actually a variation of the traditional “linear-in-means”
model. In that model, the individuals interact in group (in their classroom, for instance),
a case in which the outcome of any individual within the group equally and simultaneously
affects the outcome of all the other individuals, not allowing us to identify whether the



43

behavior of one student in the class is the cause or the effect of the influence of his peers. In
our case, we used information from the students’ friendship network, the reference group of
a student is formed by his direct links of friendship (as defined in subsection 2.2.3), there-
fore, within the same network, the students may have distinct reference groups, which do
not overlap the network itself. It means that we can find intransitive “triads” in a social
network27, which would ensure the identification of peer effects, as shown by Bramoullé,
Djebbari e Fortin (2009) and Calvó-Armengol, Patacchini e Zenou (2009). Even though
some networks do not have intransitive “triads”, Bramoullé, Djebbari e Fortin (2009) and
Lee (2007) show that identification is possible in these cases if the groups vary in size.

Therefore, in case we have networks with intransitive “triads” or of different sizes,
we can perform the first exercise to assess peer effects on socioemotional skills. Empirically,
we will estimate the equation model 2.2 as a pseudo-panel, considering intra and between
groups variations, using the maximum likelihood method (CALVÓ-ARMENGOL; PAT-
ACCHINI; ZENOU, 2009; LEE, 2007).

Nonetheless, 𝛽 and 𝛿 would measure the average effect on the outcome variable of a
student given a variation in the mean of the outcome variable and mean of the character-
istics of this student’s reference group, keeping the social network fixed. It turns out that
a change in the characteristics and/or the outcome variable of the reference network may
change the network itself. Thus, to identify peer effects in a more comprehensive way, it
would be interesting to observe peer effects via direct effect of the group’s characteristics
and behavior on the individual’s behavior, but also via effect of the group’s characteristics
and behavior on the group itself.

Given the definition of social network, we can verify which characteristics are
associated with the decision of individuals to establish links through a social network
formation model close to that presented by Goldsmith-Pinkham e Imbens (2013).

The model assumes that the decision to establish links is the result of two choices,
both the individuals must agree to establish a link, which will happen if the utility of a
given link is positive28:

𝑔𝑟,𝑖𝑗 = 1𝑈𝑟,𝑖(𝑗)>0 · 1𝑈𝑟,𝑗(𝑖)>0 (2.3)

𝑈𝑟,𝑖(𝑗) is the utility of individual “i” when establishing a link with individual “j”,
27 In a set of three students (“i”, “j”, “k”), we may have cases in which “i” has a link with “j”, “i” has
a link with “k”, but “j” does not have a link with “k”.

28 Additionally, we keep the condition that two students can only establish a link if they are in the same
classroom “r”.
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which can be represented by the following equation:

𝑈𝑟,𝑖(𝑗) = 𝛼|𝑥| | 𝑋𝑟,𝑖 − 𝑋𝑟,𝑗 | +𝛼𝑥𝑖
𝑋𝑟,𝑖 + 𝛼𝑥𝑗

𝑋𝑟,𝑗 + 𝛼𝑔𝑔0,𝑟,𝑖𝑗 + 𝛼𝑞𝑄0,𝑟,𝑖𝑗 + 𝛼𝑟 + 𝜖𝑟,𝑖𝑗 (2.4)

Which depends on the distance between them in the covariates space, | 𝑋𝑟,𝑖 −
𝑋𝑟,𝑗 |, on their individual characteristics, 𝑋𝑟,𝑖 and 𝑋𝑟,𝑗, on whether they were friends on
a previous period or not, 𝑔0,𝑟,𝑖𝑗, on the number of common friends in the previous period,
𝑄0,𝑟,𝑖𝑗 and on a term 𝛼𝑟 that comprises the non-observable characteristics of network r.

Note that the distance between the covariates are included in the function in
order to reflect homophily, the utility of a link decreases as the distance in the covariates
increases. Assuming that 𝜖𝑖𝑗 are independent in every “i” and “j” and that they follow a
logistic distribution, we will have that the probability of a link to exist between “i” and
“j”, given a prior version of the social network and given covariates, will be:

𝑝𝑟(𝑔𝑟,𝑖𝑗 = 1 | G0, X) = 𝑝𝑟,𝑖𝑗 · 𝑝𝑟,𝑗𝑖

Where the probability of “i” to positively rate the link with “j” is equal to the
probability of “j” to positively rate the link with “i”:

𝑝𝑟,𝑖𝑗 = 𝑝𝑟,𝑗𝑖 =
𝑒𝑥𝑝(𝛼|𝑥| | 𝑋𝑟,𝑖 − 𝑋𝑟,𝑗 | +𝛼𝑥𝑖

𝑋𝑟,𝑖 + 𝛼𝑥𝑗
𝑋𝑟,𝑗 + 𝛼𝑔𝑔0,𝑟,𝑖𝑗 + 𝛼𝑞𝑄0,𝑟,𝑖𝑗 + 𝛼𝑟)

1 + 𝑒𝑥𝑝(𝛼|𝑥| | 𝑋𝑟,𝑖 − 𝑋𝑟,𝑗 | +𝛼𝑥𝑖
𝑋𝑟,𝑖 + 𝛼𝑥𝑗

𝑋𝑟,𝑗 + 𝛼𝑔𝑔0,𝑟,𝑖𝑗 + 𝛼𝑞𝑄0,𝑟,𝑖𝑗 + 𝛼𝑟)
(2.5)

The estimation of this model will allow us to identify which characteristics and
behaviors influence social network formation the most.

Finally, it is important to bear in mind that the gains resulting from interacting
with peers within the structure of a social network may be interdependent and each
individual may be able to obtain complementarities from their direct peers. Given that
the complementarities would be grounded on friendship links, which are heterogeneous
for each relationship between two people, these heterogeneities mean that the influence
of peers vary among the group members, depending on the individual’s position within a
network of interactions.

Therefore, information regarding the friendship networks included in our database
should also allow for the possibility of complementing our analysis on peer effects per-
formed so far, exploring the heterogeneity of these effects, according to the students’
positions within their friendship network.

Given centrality measures, defined in subsection 2.2.3, to identify the importance of
one’s position within a social network for determining a student’s outcomes, we estimated
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two models similar to those developed by Hahn et al. (2015), the first of which:

𝑌𝑟,𝑖 = 𝜃 + 𝛽𝑀𝑟,𝑖 + 𝑋𝑟,𝑖𝛾 + X𝑟,𝑗𝛿 + 𝛼𝑟 + 𝜖𝑟,𝑖 (2.6)

Similar to the model of equation 2.1, 𝑌𝑟,𝑖 is the student’s outcome variable, 𝑋𝑟,𝑖 is a
vector of the student’s characteristics, X𝑟,𝑗 is a vector with the mean of the characteristics
of the peers of individual “i” and 𝛼𝑟 represents the non-observable characteristics of
classroom “r”. In this case, however, to capture the heterogeneous effect, we included
the centrality measure M of individual “i”29, 𝑀𝑟,𝑖.

A small change is made in the second model of this exercise for the effect of the
student’s position on his outcomes to vary in case he is located above or below the average
position of the students in his group of reference. The model follows the same structure:

𝑌𝑟,𝑖 = 𝜃+𝛽1 | 𝑀𝑟,𝑖−𝑀 𝑟,𝑗 | +𝛽21{𝑀𝑟,𝑖>𝑀𝑟,𝑗}+𝛽31{𝑀𝑟,𝑖>𝑀𝑟,𝑗}· | 𝑀𝑟,𝑖−𝑀 𝑟,𝑗 | +𝑋𝑟,𝑖𝛾+X𝑟,𝑗𝛿+𝛼𝑟+𝜖𝑟,𝑖

(2.7)

In which | 𝑀𝑟,𝑖 − 𝑀 𝑟,𝑗 | measures the distance of the centrality measure M of
individual “i” to the average centrality of his peers; variable 1{𝑀𝑟,𝑖>𝑀𝑟,𝑗} is a dummy
equal to 1 in case individual “i” is positioned above the average of his peers for a given
centrality measure M and 0 otherwise; and 1{𝑀𝑟,𝑖>𝑀𝑟,𝑗}· | 𝑀𝑟,𝑖 − 𝑀 𝑟,𝑗 | is a measure
of interaction between two previous variables. The remaining variables have the same
meaning they had in equation 2.6.

2.4 Descriptive Analysis and Results

2.4.1 General Descriptive Analysis

After presenting data and the construction of measures, we will summarize some
information concerning the sample and the variables available to estimate our models.
To analyze potential peer effects on students, we will consider the students’ friendship
networks, according to the friends they nominate in the follow-up30. In this sense, as we
mentioned in subsection 2.2.1, we start with a raw database with 2,720 students in time
“t”31 and obtained a final database with 1,260 students in both stages. Even though we

29 To distinguish between the importance of own student’s centrality and the average centrality of his
peers, we also estimated a version of this model including the average centrality of the peers of individual
“i”, 𝑀𝑟,𝑗 = 1

𝑔𝑟,𝑖

∑︀𝑛𝑟

𝑗=1 𝑔𝑟,𝑖𝑗𝑀𝑟,𝑗 .
30 Except for the case of homophily exercises, in which the model also includes information from the
friendship network indicated in the baseline.

31 Let “t-1” be the initial point in time (baseline) and “t” the final point in time (follow-up).
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were left with only 46% of the original sample32, table 2.1 suggests that the number of
friends (chose by the students) who remain in the final database did not change much.

Table 2.1 – Descriptive Statistics - Number of Friends (N=1260)

Average
Standard

Min. Max.Deviation
Number of Friends - Gross Data (t) 2.57 1.95 0 8
Number of Friends - Final Data (t) 2.07 1.52 0 7

Note: The statistics refer to the number of friends indicated by the students
and who were present in the sample of the respective dataset.

Table 2.2 presents a description of the variables that can be used in the models
adopted, both in terms of the students’ characteristics (age and gender) and in terms of
cognitive and socioemotional measures available for both stages of data collection.

Table 2.2 – Descriptive Statistics of Variables

Average
Standard
Deviation

Individual Characteristics
Boy 0.52 0.50
Age 10.74 1.32

Measures (t-1)
Reliability&Curiosity 1.14 0.63
Self-Management 1.31 0.87
Cognitive Factor 1.00 0.11

Measures (t)
Reliability&Curiosity 1.09 0.7
Self-Management 1.40 1.59
Cognitive Factor 1.08 0.14
Math Test 316.02 162.15
Language Test 313.72 172.49

Observations 1260

We have in our sample a proportion of boys slightly greater than girls and also
have students aged 10.7 years old on average (an age that is closer to that of 5th grade
students). Regarding information on the measures, there is a variation within the same
period and between periods, while the “Self-Management” measure stands out among the
factors. It is important to note that, for descriptive purposes, we included measures on
the bases on which they were constructed, however, in order to compare the results, we
considered the versions of the cognitive and socioemotional measures with mean zero and
standard deviation equal to 1 in the models estimation.

32 Similar proportion is verified in other studies. Calvó-Armengol, Patacchini e Zenou (2009) for instance,
addressed approximately 58% of the sample in the second phase of the Add Health project and Bramoullé,
Djebbari e Fortin (2009) addressed approximately 56% of the general sample of the same project.
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2.4.2 Peer Effect - “Linear in Means” Approach

As mentioned in subsection 2.3, in this first exercise we will use a variation of
the “linear-in-means” model to investigate how the peers’ socioemotional skills affect the
individuals, both from a contextual perspective, on academic performance, and from an
endogenous perspective, on the individuals’ socioemotional skills.

In the analysis of the endogenous effect of socioemotional skills, our outcome vari-
ables (Y) will be the two factors extracted from SENNA (“Reliability&Curiosity” and
“Self-Management”), while the cognitive factor and SAEPE’s Language and Mathemat-
ics scores will be the outcome variables in the investigation of the contextual effect of
socioemotional skills.

Regarding the contextual variables (characteristics), we will use the students’ age
and gender in all the exercises because of the relationship between these and the outcome
variables. In a study with data from Brazilian students (SANTOS; PRIMI, 2014), gender
was a variable statistically significant in determining all the six original socioemotional
competencies included in the SENNA instrument. In line with international evidence
(SOTO et al., 2011; MANGER; EIKELAND, 2000), women more frequently appear as
being more agreeable and conscientious than men, in addition to the fact that boys pre-
sented a more external Locus of Control. Regarding age, statistically significant evidence
was found in the determination of Emotional Stability and Locus of Control with older
students presenting greater Stability and internal Locus. Thus, the inclusion of age and
gender was called for.

In turn, socioemotional skills measured in “t-1” will be used as contextual vari-
ables in the investigation of such effects on academic performance. Regarding the impact
of the socioemotional characteristics on educational outcomes, the same Brazilian study
previously mentioned (SANTOS; PRIMI, 2014) shows that in the case of performance in
Language, variations in Locus of Control and Openness to New Experiences are the vari-
ations that caused the greatest impact, while Mathematics is largely affected by changes
in Conscientiousness.

And since our socioemotional (cognitive) skills in one period tend to have a relevant
correlation with our socioemotional (cognitive) skills in the future, we will include the
socioemotional measures obtained in “t-1” as contextual variables in the specifications in
which these measures obtained in “t” were outcome variables, and will also include the
cognitive factor obtained in “t-1” in the specificities in which cognitive factor obtained in
“t” and proficiency in Language and Mathematics was the outcome variables.

Table 2.3 presents the correlations of contextual variables with their respective
outcome variables.

What we see is that, in line with the previously mentioned literature, women would
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Table 2.3 – Correlation between Outcome Variables and Contextual Variables

Reliability&Curiosity Self-Management Cognitive Factor Math Test Language Test

Boy -0.0845* -0.0648* -0.0578* -0.0548* -0.1233*
Age -0.0828* -0.0616* -0.1216* -0.0854* -0.1287*

Reliability&Curiosity (t-1) 0.3964* 0.0716* 0.1506* 0.1641* 0.1720*
Self-Management (t-1) 0.0393 0.2470* 0.1128* 0.0817* 0.1091*
Cognitive Factor (t-1) 0.5811* 0.4987* 0.4763*

Observations 1260

present a positive correlation with conscientiousness (via Reliability&Curiosity factor), as
would also present a positive correlation with internal locus (via Self-Management factor).
The only evidence contrary to the literature would be older children, who would present
a negative correlation with emotional stability and more internal locus of control33.

Regarding cognitive outcome variables, the Reliability&Curiosity factor (in which
the conscientiousness and openness to new experiences items have a great weight) presents
high positive correlation with the scores obtained in Mathematics and Language, in line
with what is reported in the literature. As expected, the measure that includes Locus of
Control, in turn, has a higher correlation with the score obtained in Language than with
the score obtained in Mathematics.

In addition to choosing the covariates that compose the model, another impor-
tant point we need to address before estimating this first exercise refers to the potential
(in)transitivity and variation in the size of networks, considering these are essential to
identify the model. Let’s recall subsection 2.3 in which the identification of peer effects
would be ensured if we could find intransitive “triads” in a social network or, in the absence
of intransitivity, the size of networks varied. We have 145 classes, or social networks, in
our sample with a minimum of two and maximum of 20 students. A total of 85% of these
networks (which represent 96% of our sample of students) have an intransitive “triad”
while the size of the 22 networks that do not have intransitive “triad” range from two to
four students, which meets the identification requirements.

Having made these considerations, table 2.4 presents the results of our estimations
for the exercise that analyzes peer effects using the SAR model.

In the case of the endogenous effect, we found a negative and significant re-
sult for all the outcome variables (both socioemotional and cognitive). This is a some-
what unexpected result as other studies found positive and significant endogenous effects
on academic performance (BRAMOULLÉ; DJEBBARI; FORTIN, 2009; GOLDSMITH-
PINKHAM; IMBENS, 2013; CALVÓ-ARMENGOL; PATACCHINI; ZENOU, 2009). On
the other hand, even though the coefficients are not significant, Chikitani (2015) report
negative endogenous results on the Locus of Control measure and Chan e Lam (2014)

33 Age, however, can capture other related information, such as school delay, for instance, which would
give sense to negative correlations, including with cognitive variables.
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Table 2.4 – Effects using “Linear in Means” Approach

Reliability&Curiosity Self-Management Cognitive Factor Math Test Language Test

Endogenous Peer Effect: WY -0.175*** -0.106*** -0.150*** -0.178*** -0.186***
Contextual Peer Effect: WX

Boy -0.084 0.070 0.089 0.077 -0.139*
Age -0.005 -0.100* -0.052 0.013 -0.155***

Reliability&Curiosity (t-1) 0.068 0.091* 0.036 0.008 0.022
Self-Management (t-1) -0.015 0.199*** 0.062 0.019 0.093**
Cognitive Factor (t-1) 0.070 0.155*** 0.088*

Own Characteristics: X
Boy -0.083 -0.108* 0.010 -0.002 -0.068
Age -0.062** -0.060* -0.070*** -0.012 -0.141***

Reliability&Curiosity (t-1) 0.428*** 0.147*** 0.082*** 0.113*** 0.131***
Self-Management (t-1) 0.117*** 0.298*** 0.058*** 0.036 0.071***
Cognitive Factor (t-1) 0.609*** 0.524*** 0.450***

Observations 1260

Note: Results estimated using maximum likelihood method, with a set of dummies for classrooms and robust standard errors. *** means p-value
<0.01, **p-value <0.05 and * p-value <0.1.

found negative spillovers on the grade assigned by teachers to behaviour, when multiple
networks were considered (friends and studymates)34.

From the perspective of contextual effects of non-cognitive skills, the Reliabil-
ity&Curiosity factor presented a significant and positive effect only on the socioemotional
factor Self-Management. The latter, in turn, showed that the friends’ socioemotional skills
may affect not only the socioemotional skills of individuals (positive and significant con-
textual effect on the Self-Management factor itself), but also their academic results (posi-
tive and significant effect on proficiency in Language). Regarding the remaining variables,
the friends’ age and cognitive factor are relevant to determine certain outcome variables,
Self-Management and Language test scores in the case of age, and Mathematics and Lan-
guage test scores in the case of the cognitive factor. Note that the contextual effect of
the Self-Management factor (which represents domains such as internal locus of control
and emotional stability) appeared slightly more relevant (in terms of magnitude) in deter-
mining the Language test score than the cognitive factor itself. Chan e Lam (2014) also
report a more robust contextual factor of the socioemotional measure (conscientiousness)
on the students’ English grade35.

The effect of non-cognitive variables at the individual level is not the focus of
this study; however, it is worth noting that they are important predictors of all out-
come variables, especially the Reliability&Curiosity factor (which represents domains like
Conscientiousness and Openness to New Experiences).

Even though a negative endogenous effect is not expected, the interpretation of
models with spatial dependence go beyond the coefficients reported when we estimate the

34 Chan e Lam (2014) also found negative spillovers, though not significant, on the Math test score
when they considered the network of seatmates.

35 In the case of the English grade, the friends’ conscientiousness has a positive and significant effect
on individual results, both considering the network of friends and the network of studymates, while the
cognitive measure is significant only when the studymates network was considered.
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general model presented in table 2.4. To briefly explain this analysis, consider, for simplic-
ity purposes, a model that has only spatial dependence on the dependent variable. If we
look at the model coefficients, we would say that the coefficient we call endogenous effect
would be, itself, the spillover effect, while the coefficients of the individual characteristics
would be the direct effects of each exogenous variable. However, in this case, if an exoge-
nous measure “x” varies, it impacts the endogenous variable “y”, in the magnitude of the
coefficient “x”, but this impact on “y” spills over to produce an additional variation on
“y”, in the magnitude of the coefficient of the endogenous effect, weighted by the weight
matrix, and this variation spills over again to produce another impact on “y”, and so
on, successively. Therefore, in the interpretation of results we should take this recursive
process into account. We should also consider that in a model with spatial dependence on
exogenous characteristics, as in our case, a variation on “x” also causes a variation on “y”
in the magnitude of coefficients of the contextual effect, weighting by the weight matrix,
which will also spill over within the recursive process previously mentioned.

This entire process was considered when we presented the results in table 2.5 and,
basically, what we estimated are the effects of individual characteristics and the contextual
effects on the reduced-form mean of the outcomes variables.

Table 2.5 – Effects on the Reduced-Form using “Linear in Means” Approach

Reliability&Curiosity Self-Management Cognitive Factor Math Test Language Test

Contextual Peer Effect
Boy -0.064 0.076 0.08 0.071 -0.114
Age 0.005 -0.088* -0.038 0.013 -0.117***

Reliability&Curiosity (t-1) -0.007 0.071 0.022 -0.011 -0.002
Self-Management (t-1) -0.032 0.158*** 0.049 0.011 0.072*
Cognitive Factor (t-1) -0.02 0.056 0.003

Own Characteristics
Boy -0.078 -0.111* 0.006 -0.007 -0.06
Age -0.062** -0.056* -0.068*** -0.013 -0.133***

Reliability&Curiosity (t-1) 0.428*** 0.144*** 0.081*** 0.114*** 0.131***
Self-Management (t-1) 0.119*** 0.292*** 0.055** 0.035 0.066***
Cognitive Factor (t-1) 0.610*** 0.520*** 0.45***

Observations 1260

Note: Average Effects of independent variables (X) on the reduced-form mean of the outcome variable (Y) - post estimation results of the
model reported in the table 2.4. *** means p-value <0.01, **p-value <0.05 and * p-value <0.1.

The result that stands out the most in table 2.5, is the fact that we still found
the contextual effect of the socioemotional factor Self-Management on the Language test
score, while the effect of the cognitive factor disappears.

2.4.3 Networking Formation - Homophily Results

As already mentioned, variations in the group’s characteristics and outcomes may
affect individual outcomes, but may also change the reference network itself, given that
these characteristics may be associated with the individuals’ decisions when forming their
links.
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In the previous exercise, we observed that the results and characteristics of a stu-
dent’s reference network are actually potential predictors of an individual’s own outcome.
In particular, we found evidence that the mean of socioemotional skills of one’s group
may affect not only one’s socioemotional skills, but also, some of one’s academic results.
Now, we want to verify whether there is a relationship between these characteristics and
results and friendship network formation, being our main interest to identify the role of
socioemotional skills in the establishment of these links.

To achieve this objective, we used a social network formation model (as defined
in subsection 2.3) to identify the characteristics that are associated with the students’
decisions to establish friendship ties, that is, to establish links among them36.

The variables we include in the model determine which aspects will be captured as
predictors of link formation. We estimated three specifications, a complete one, including
the distance between each pair of students, both in their cognitive measures and socioe-
motional measures, while other specifications sometimes include only the distance for the
cognitive measures and sometimes include only the distance for socioemotional measures.
According to the case of each specification, we also included cognitive and socioemotional
measures at the students level. Additionally, in all the specifications we included a variable
that considers the number of common friends at baseline37 and a dummy that identifies
whether there was a link between two friends in “t-1”.

Before addressing the results, we performed an analysis of the behavior of friend-
ship relations (existence of links) between the dyads in our sample in the two periods.

Table 2.6 – Friendship Links (both peri-
ods)

Link (t-1)
0 1 Total

Link (t)

0 7146 1504 8650
1 2088 2042 4130

Total 9234 3546 12780

Table 2.6 shows there is reasonable variation in the students friendship relations
between the two periods. The individuals in approximately 32% of the 12,780 potential
dyads verified in our sample identified themselves as friends in period “t”, while 28% of
them represent friendship relations in period “t-1”. Additionally, only 50% of the pairs

36 The estimation of this model requires the generation of all possible links between two students within
a social network. A link in a social network, or pair between two nodes, is called dyad. In the case of this
study, as we considered it a reciprocal relationship, the dyad between student “i” and student “j” (𝐷𝑖𝑗)
and between student “j” with student “i” (𝐷𝑗𝑖) behave the same, that is, both represented connected
dyads (with a link between two students) or both represent disconnected dyads (with no links between
students).

37 Similar to the previous exercise, here we considered the baseline as the initial point in time or “t-1”
and the follow-up to be the final point in time or “t”.
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who were friends in period “t-1” remained connected in period “t”, while 22% of those who
were not friends in “t-1” became connected in “t”. It shows that the friendship relations
are dynamic and that a prior existence of a link between friends is certainly an important
predictor in the formation of a link in the future, but it is not deterministic.

Table 2.7 presents the results for this second exercise. It is worth noting that the
distance between the covariates are included in the function in order to reflect homophily,
that is, the utility of a link decreases as the distance in the covariates space increases.

Table 2.7 – Homophily Results

Complete Cognitive Socioemotional

Link (t-1) 0.202*** 0.203*** 0.204***
Number of common friends (t-1) 0.041*** 0.042*** 0.043***

|Boy(i) - Boy(j)| -0.206*** -0.206*** -0.204***
|Age(i) - Age(j)| -0.001 -0.001 -0.002

|Reliability&Curiosity(i) -Reliability&Curiosity(j)| -0.016** -0.019**
|Self-Management(i) - Self-Management(j)| -0.026*** -0.027***
|Cognitive Factor(i) - Cognitive Factor(j)| -0.008 -0.008

|Math(i) - Math(j)| -0.011 -0.012
|Language(i) - Language(j)| 0.002 0.000

Observations 12702

Note: This table reports variables’ marginal effects. Results estimated using logit, with a set of dummies
for classrooms, a set of exogenous variables of the differences | 𝑋𝑖 − 𝑋𝑗 | on the level of student “i” and
“j”. Standard errors clustered at school level. *** means p-value <0.01, **p-value <0.05 and * p-value
<0.1.

In addition to the relevance of gender, of the previous existence of a link between
individuals, and the number of common friends in the previous period in the formation
of current links, the influence that also remains robust is the distance between socioemo-
tional measures, that is, the closer the Reliability&Curiosity or Self-Management measures
between two children, the greater the probability of them to become friends.

It is noteworthy that the distance between the cognitive measures is not statis-
tically significant, not even in the specification which does not include socioemotional
measures. Even if they were significant, the magnitude of the Self-Management factor
is greater than the sum of all the cognitive measures, showing that similarity between
socioemotional skills would be much more relevant than similarities in cognitive skills in
the students’ decision to establish friendship links. Chan e Lam (2014) also observe that
proximity in terms of characteristics such as conscientiousness and extroversion increase
the probability of two students to become friends. On the other hand, Goldsmith-Pinkham
e Imbens (2013) found a significant influence in favor of homophily in cognitive terms38,
which we did not.

38 But they do not include homophily in terms of gender, which is relevant both in this study and in
the study by Chan e Lam (2014), and do not control for the cognitive variable at the student level, only
include the difference.
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2.4.4 Peer Effect - Centrality Approach

Finally, our last goal was to extrapolate the possibilities of the peer effects model
previously adopted, investigating whether the heterogeneities between the reference groups
of students in the same social network could make the peer effect on a group’s members
to vary, according to the position of the student within the friendship network.

Anyway, for this investigation, we will take into account the results found in the
previous exercises. First, the evidence presented in table 2.7 indicates socioemotional skills
as predictors of the formation of friendship links between the students, and possibly, of
the social networks geometry. Additionally, the results in table 2.4 indicate these same
skills as predictors of the individuals’ outcomes, both from an individual point of view
and, in some cases, from the perspective of peers.

In this sense, for this analysis, (i) we consider that socioemotional skills affect
centrality measures, not the opposite, which led us to consider only cognitive measures
as outcome variables39, and (ii) we included the socioemotional factors in the model’s
covariates vector both at the individual and network levels.

Before presenting the results of the estimation of models 2.6 and 2.7, we will briefly
analyze the four centrality measures considered in these estimations.

Table 2.8 – Descriptive Statistics - Centrality Measures

Average
Standard

Min. Max.Deviation
Closeness 0.543 0.164 0.169 1
Betweeness 0.103 0.149 0.000 1
Degree 0.376 0.220 0.053 1
Katz-Bonacich 0.274 0.170 0.042 1.4
Observations 1260

When we present the example of one of our social networks in subsection 2.2.3, we
pointed out that we could have a variation in the students’ centrality, which is corrobo-
rated by table 2.8 and supports our analysis of heterogeneous effects. The parameters of
the distribution of our measures are even similar to those reported in other studies that
consider such measures (CALVÓ-ARMENGOL; PATACCHINI; ZENOU, 2009; HAHN et
al., 2015), especially in the case of the Closeness and Degree centralities.

After observing the behavior of centrality measures, we proceeded with our inves-
tigation. Table 2.9 presents the results of the model 2.6 estimation considering only the
student’s centrality measure.

39 Only to confirm our assumption, we estimated the results of the model considering the socioemotional
factors as outcome variables and, as presented in the Appendix B3, we did not find significant effects of
centrality measures on the socioemotional measures.
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Table 2.9 – Effects using Centrality Approach (own centrality)

Cognitive Factor Math Test Language Test

Mr,i
Closeness 0.273 0.813*** 0.725***

Betweeness 0.170 0.415** 0.341**
Degree 0.122 0.548*** 0.499***

Katz-bonacich 0.087 0.665*** 0.517***
Observations 1260

Note: Each centrality coefficient is obtained from a different regression, es-
timated using ordinary least squares, with a set of dummies for classrooms
and a set of exogenous variables (gender, age, socioemotional and cogni-
tive measures), both on student and group level. Standard errors clustered
at school level. *** means p-value <0.01, **p-value <0.05 and * p-value
<0.1.

The results seem to corroborate our hypothesis that individuals would be able
to obtain complementarities from their direct peers and, as the friendship relations are
heterogeneous within a group, a student’s position within the network is relevant for
determining some of his individual outcomes, that is, the more central a student is within
a social network, the greater his standardized scores in Language and Mathematics. When
we consider only the student’s centrality measures, these results are positive and significant
for any of the centrality measures considered. This model is very close to the alternative
model estimated by Calvó-Armengol, Patacchini e Zenou (2009), though, they found
statistically significant results for the American sample only for the Degree centrality
(the Closeness and Betweenness coefficient are positive, but not significant).

Like Hahn et al. (2015), in the sequence we estimated the same model, only this
time we included in the specification the average centrality of the students’ reference
group. Table 2.10 presents the results of this exercise.

When we decompose the effects of the individuals’ centrality from the effects of
the peers’ average centrality, we continued to verify positive and significant effects on the
Language and Mathematics test scores for three of the four measures considered. Now,
like Calvó-Armengol, Patacchini e Zenou (2009) and Hahn et al. (2015) we did not find
significant effects for the Betweenness centrality (note that this was the measure with the
lowest mean and smallest variation).

On the other hand, our results diverge from those reported by Hahn et al. (2015)
regarding the influence of peers’ centrality. While they did not find significant results
for any peers’ centrality coefficient, we found, in some cases, a negative and significant
result (even if, in the case of peers, the result does not seem as robust as the individual
results - only the Closeness measure is significant both for Language and Mathematics).
It means that belonging to a reference network in which, on average, your friends have a
high centrality level, would harm your academic results.
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Table 2.10 – Effects using Centrality Approach (own and peers centrality)

Cognitive Factor Math Test Language Test

Mr,i
Closeness 0.247 0.713*** 0.622**

Betweeness 0.167 0.298 0.250
Degree 0.079 0.452*** 0.391**

Katz-bonacich 0.096 0.686*** 0.545***
Mr,j

Closeness -0.348 -1.321** -1.358**
Betweeness -0.010 -0.345 -0.266

Degree -0.240 -0.549* -0.614
Katz-bonacich -0.269 -0.645 -0.858*
Observations 1260

Note: Each centrality coefficient is obtained from a different regression, es-
timated using ordinary least squares, with a set of dummies for classrooms
and a set of exogenous variables (gender, age, socioemotional and cogni-
tive measures), both on student and group level. Standard errors clustered
at school level. *** means p-value <0.01, **p-value <0.05 and * p-value
<0.1.

Observing the results of this second specification, which suggest that the effect of
centrality itself could be different from the peers’ centrality effects, we have even more
reasons to investigate the last specification involving centrality measures, in which we
explore the possibility of asymmetrical effects, depending whether the student is located
above or below the average centrality of his reference group. Table 2.11 presents the
estimation results for the model 2.7.

Table 2.11 – Effects using Centrality Approach (heterogeneous centrality)

Cognitive Factor Math Test Language Test

| Mr,i − Mr,j |
Closeness -0.502 -1.117** -0.555

Betweeness -0.103 -0.171 -0.010
Degree -0.384 -0.414 -0.361

Katz-bonacich -0.548* -0.646 -0.291
1{Mr,i>Mr,j}

Closeness -0.063 -0.045 -0.032
Betweeness -0.005 0.146* 0.137*

Degree -0.166* 0.055 -0.002
Katz-bonacich -0.154 0.012 -0.002

1{Mr,i>Mr,j}· | Mr,i − Mr,j |
Closeness 0.954 1.973** 2.047**

Betweeness 0.238 0.164 0.100
Degree 0.939 0.730 0.995*

Katz-bonacich 1.170 1.281 1.475*
Observations 1260

Note: Each centrality coefficient is obtained from a different regression, estimated using
ordinary least squares, with a set of dummies for classrooms and a set of exogenous
variables (gender, age, socioemotional and cognitive measures), both on student and
group level. Standard errors clustered at school level. *** means p-value <0.01, **p-
value <0.05 and * p-value <0.1.
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In this case, we understand that more robust evidence is concentrated on the
model’s coefficient 𝛽3, that is, on the results of variable 1{𝑀𝑟,𝑖>𝑀𝑟,𝑗}· | 𝑀𝑟,𝑖 − 𝑀 𝑟,𝑗 |, which
are positive and significant for three of the four centrality measures, when we analyze the
results on the Language score 40. As only this coefficient is significant for the Language
standardized score, it means that, if a student’s centrality measure is above his peers’
average centrality, the more central he is, the higher his score41.

Here it is important to note that none of the two studies with which we compare
our results include in their specifications controls for the students’ and/or their peers’
socioemotional skills. As noted in the beginning of this subsection, these variables proved
to be very relevant within this context of social networks and peer effects analysis. In fact,
Hahn et al. (2015) recognize this relevance and even consider that the effect of centrality
measures would be actually capturing some non-cognitive measure of students. To test this
hypothesis, they implement exercises to show that some of the socioemotional measures
they have available positively and significantly impact centrality measures, which would
not be true for the cognitive measures42. The fact is that even controlling for the students’
and their peers’ socioemotional measures, we keep finding positive and significant effects
for centrality measures, suggesting that these effects may not only capture the impact of
socioemotional skills but also the impact of complementarities obtained by the individuals
from their friendship relations.

2.5 Simulating Social Networks
We performed some additional exercises to investigate how peer effects would

behave if we observed social networks with links established according to our network
formation model.

In this stage, we first analyzed the results of the network formation model if we
kept in our sample the isolated individuals43, that is, those individuals with no links with
the remaining students of their respective classrooms, as reported in the follow-up.

40 Like in our case, the main results found by Hahn et al. (2015) are also for the coefficient 𝛽3 and they
did not find significant effects for all the measures they considered either.

41 we have two analyses in the case of the Closeness results on Mathematics score, the negative result
of 𝛽1 means that, if a student’s centrality measure is below his peers’ average centrality, the less central
he is and the lower his score. Considering that for the students whose centrality is above the average, we
need to sum the coefficients 𝛽1 and 𝛽3, both significant, and, since the result is positive, the more central
a student is, the greater his score. Finally, in the case of the centrality measure Betweenness, in which
only the coefficient 𝛽2 is positive and significant, both on the Language and Mathematics test scores, we
have that a centrality measure above the reference group’s average has a positive effect on a student’s
scores.

42 In a way, these results reported by Hahn et al. (2015) are in line with the results we found in subsection
2.4.3.

43 It implies that we used the database with 1,393 students in both stages of data collection, which was
obtained after excluding the observations with no information for some of the variables considered, as we
explained in subsection2.2.1.
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Table 2.12 presents the results of this exercise, which are very similar to the results
found when we estimated the model for the sample without isolated individuals (table
2.7). Therefore, we will start with the coefficients estimated in the current model (with
isolated students) to simulate the social networks that will be used in the peer effects
estimation.

Table 2.12 – Homophily Results - Sample with isolated students

Complete Cognitive Socioemotional

Link (t-1) 0.192*** 0.193*** 0.195***
Number of common friends (t-1) 0.039*** 0.039*** 0.041***

|Boy(i) - Boy(j)| -0.189*** -0.189*** -0.187***
|Age(i) - Age(j)| -0.003 -0.003 -0.004

|Reliability&Curiosity(i) -Reliability&Curiosity(j)| -0.016** -0.020***
|Self-Management(i) - Self-Management(j)| -0.024*** -0.026***
|Cognitive Factor(i) - Cognitive Factor(j)| -0.007 -0.007

|Math(i) - Math(j)| -0.010 -0.011
|Language(i) - Language(j)| -0.003 -0.004

Observations 14376

Note: This table reports variables’ marginal effects. Results estimated using logit, with a set of dummies
for classrooms, a set of exogenous variables of the differences | 𝑋𝑖 − 𝑋𝑗 | on the level of student “i” and
“j”. Standard errors clustered at school level. *** means p-value <0.01, **p-value <0.05 and * p-value
<0.1.

Considering the value predicted for the “complete” specification of table 2.12, we
constructed 500 samples with simulated networks according to the following procedure:

1. We assigned a random value44 for each of the 14,376 potential dyads observed in
our sample.

2. We generated a dummy variable to identify the existence of links between the stu-
dents of each dyad, which is equal to 1 if the predicted value in the peer formation
model is greater or equal to the random value assigned to the respective dyad, and
0 otherwise.

3. As we are assuming that friendships is a reciprocal relationship, we consider there
is a link between node “i” and node “j” if, in the previous procedure, we identified a
link between these nodes, be in the dyad between “i” and “j” (𝐷𝑖,𝑗) be in the dyad
between “j” and “i” (𝐷𝑗,𝑖).

4. Finally, since we did not include the students without a friend in the peer effects
estimation, we excluded from the sample those who remained isolated after we
concluded the previous stages.

44 Random variables uniformly distributed over interval [0,1].
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The final product are 500 samples, with an average of 1,340 students45. For each of
these samples, we estimated the endogenous peer effects model (the variation of the “linear
in means” model defined in equation 2.2) and the models that consider the heterogeneous
peer effects, based on the student’s centrality (equations 2.6 and 2.7).

The results reported in each case are the means of the coefficients obtained in each
of the 500 estimations. For the test of hypothesis, we considered a t test built from the
distribution of the 500 observed coefficients.

2.5.1 Simulation Results: Peer Effect - “Linear in Means” Approach

Table 2.13 presents the results for the model of equation 2.2.

Table 2.13 – Simulation Results: Effects using “Linear in Means” Approach

Reliability&Curiosity Self-Management Cognitive Factor Math Test Language Test

Endogenous Peer Effect: WY -0.241 -0.097 -0.215 -0.287 -0.275
Contextual Peer Effect: WX

Boy -0.032 0.049 0.133 0.073 -0.049
Age -0.045 -0.067 -0.043 -0.037 -0.085

Reliability&Curiosity (t-1) 0.193 0.039 0.01 0.042 0.038
Self-Management (t-1) 0.02 0.128 0.036 0.023 0.04
Cognitive Factor (t-1) 0.177 0.228 0.208

Own Characteristics: X
Boy -0.098 -0.109 -0.007 0.009 -0.105
Age -0.054 -0.056 -0.057 -0.027 -0.131

Reliability&Curiosity (t-1) 0.443 0.137 0.079 0.124 0.138
Self-Management (t-1) 0.117 0.297 0.056 0.041 0.069
Cognitive Factor (t-1) 0.616 0.531 0.471

Observations 1340

Note: Average results for the 500 simulated networks. Results estimated using maximum likelihood method, with a set of dummies for classrooms
and robust standard errors. Results in bold are significant at 10% (or smaller) level.

As observed in table 2.4 for our original sample, the endogenous effects remain
negative and significant (except in the case of the socioemotional factor Self-Management).
On the other hand, for the peers contextual effects, now we only observe impacts of the
outcomes variables in “t-1”, while here the results also seem to be positive and significant
when we consider the socioemotional factor Reliability&Curiosity and the cognitive factor.
The effects observed at the individual level are very close to those found in the original
sample.

Consider the links established according to the network formation model, to esti-
mate peer effects, may be capturing some endogeneity problem related to the fact that the
original network is self-reported, which could justify the results found for the simulated
samples.

45 Our smaller sample has 1,320 observations and the largest sample has 1,362 observations, that is,
the number of observations in our simulated samples is between the number of observations of our real
sample with and without isolated students, that is, 1,260 and 1,393 students, respectively.
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2.5.2 Simulation Results: Peer Effect - Centrality Approach

Tables 2.14 and 2.15 present the simulated results of the first model that consider
the centrality measures and corroborate the results for the individual centrality measures
we had previously found.

Table 2.14 – Simulation Results: Effects using Centrality Approach (own
centrality)

Cognitive Factor Math Test Language Test

Mr,i
Closeness 0.174 1.061 0.771

Betweeness 0.082 0.566 0.373
Degree 0.118 0.666 0.489

Katz-bonacich 0.142 1.041 0.809

Observations 1340

Note: Average results for the 500 simulated networks. Each centrality co-
efficient is obtained from a different regression, estimated using ordinary
least squares, with a set of dummies for classrooms and a set of exogenous
variables (gender, age, socioemotional and cognitive measures), both on
student and group level. Standard errors clustered at school level. Results
in bold are significant at 10% (or smaller) level.

When we consider only the individual centralities (2.14), the coefficients of all
measures continue to indicate positive and significant impacts on both proficiency scores.
In terms of magnitude, we found even more expressive results, especially when the outcome
variable is the Mathematics test score.

Table 2.15 – Simulation Results: Effects using Centrality Approach (own
and peers centrality)

Cognitive Factor Math Test Language Test

Mr,i
Closeness 0.148 1.032 0.8

Betweeness 0.08 0.644 0.468
Degree 0.101 0.649 0.507

Katz-bonacich 0.113 0.972 0.778

Mr,j
Closeness -0.118 -0.134 0.119

Betweeness -0.006 0.133 0.165
Degree -0.074 -0.076 0.07

Katz-bonacich -0.321 -0.768 -0.339
Observations 1340

Note: Average results for the 500 simulated networks. Each centrality co-
efficient is obtained from a different regression, estimated using ordinary
least squares, with a set of dummies for classrooms and a set of exogenous
variables (gender, age, socioemotional and cognitive measures), both on
student and group level. Standard errors clustered in school level. Results
in bold are significant at 10% (or smaller) level.

When we consider the specification that includes both individual measures and
the mean of the group’s centrality measures, the individual results in the original sample
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remain positive and significant (except for the Betweenness measure), but they decline
for almost all measures in comparison to the first specification. What we see for the
simulated results is that many individual coefficients become more expressive or almost
do not change, if compared to the first specification. Additionally, we had previously
found some negative and significant results for the peers’ centrality measures, which we
no longer found. No result of the group’s centrality is significant and various coefficients
are positive.

Finally, the results for the last model, summarized in table 2.16, do not show
considerable robustness for the potential asymmetrical effects, just as it happened in the
original sample.

Table 2.16 – Simulation Results: Effects using Centrality Approach (heterogeneous
centrality)

Cognitive Factor Math Test Language Test

| Mr,i − Mr,j |
Closeness -0.133 -0.6 -0.443

Betweeness -0.048 -0.258 -0.12
Degree -0.103 -0.395 -0.297

Katz-bonacich -0.138 -0.83 -0.695

1{Mr,i>Mr,j}
Closeness 0.011 0.089 0.069

Betweeness 0.024 0.135 0.105
Degree 0.005 0.073 0.053

Katz-bonacich 0.01 0.04 0.011
1{Mr,i>Mr,j}· | Mr,i − Mr,j |

Closeness 0.197 0.955 0.601
Betweeness 0.029 0.252 0.109

Degree 0.157 0.68 0.461
Katz-bonacich 0.221 1.574 1.303

Observations 1340

Note: Average results for the 500 simulated networks. Each centrality coefficient is
obtained from a different regression, estimated using ordinary least squares, with a set
of dummies for classrooms and a set of exogenous variables (gender, age, socioemotional
and cognitive measures), both on student and group level. Standard errors clustered at
school level. Results in bold are significant at 10% (or smaller) level.

Anyway, the results presented in tables 2.14 and 2.15 suggest that if we could form
social networks according to the standards observed in the network formation model, the
influence of a student’s position within his group could be an even more relevant predictor
of his school performance.

We also understand that observing the different results of the simulated networks
shows how important it is to consider the mechanisms of network formation when studying
the potential influence resulting from the interaction between individuals.
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2.6 Final Considerations
This study investigates the relationship between peer effects and the students’

socioemotional skills. Using a database rich in information on the students’ interpersonal
relationships, which enabled us to develop what we call friendship networks, we set out
to answer this question through three exercises.

First, we used a peer effects model similar to the empirical model most com-
monly used in this area (the “linear in means” model), to identify potential endogenous
and contextual peer effects. Evidence shows negative endogenous effects for all the out-
come measures (both cognitive and socioemotional measures). Even though some stud-
ies had already found negative endogenous results, non-significant though, for socioemo-
tional measures (CHIKITANI, 2015; CHAN; LAM, 2014), these results were not expected
because other studies found positive and significant endogenous effects on academic re-
sults (BRAMOULLÉ; DJEBBARI; FORTIN, 2009; GOLDSMITH-PINKHAM; IMBENS,
2013; CALVÓ-ARMENGOL; PATACCHINI; ZENOU, 2009). On the other hand, in the
scope of contextual effects, for the Language score outcome, we verified that the socioe-
motional measure Self-Management has a positive and slightly greater influence than the
cognitive factor, in line with what was found by Chan e Lam (2014) for the English score.

In the second stage, using a social network formation model, we identified that
proximity in terms of socioemotional competencies would be more relevant than proximity
in terms of cognitive results in the establishment of links between students. This result is
somewhat ambiguous in other studies. Even though they do not consider socioemotional
measures in their model, Goldsmith-Pinkham e Imbens (2013) observe homophily, in
cognitive terms, a significant predictor for the establishment of links. On the other hand,
Chan e Lam (2014) obtain some significant evidence in favor of homophily for measures
such as Conscientiousness and Extroversion.

In the third exercise, we used an empirical model that allowed us to observe the
possibility of heterogeneous effects, assessing whether the influence a group exerts on an
individual would be particularly related to the position of this agent within the group and,
therefore, vary according to this position. Evidence found was robust and pointed out that
an individual’s centrality is a good predictor of his academic performance. As we controlled
for the socioemotional measures, both at the student and the group level, we understand
that the effects of centrality may not only be capturing the impact of socioemotional skills
(as suggested by Hahn et al. (2015)), but also the impacts of complementarities obtained
by the subjects in their friendships.

Finally, we performed some additional exercises, simulating new samples, to inves-
tigate how peer effects would behave if we observed social networks with links established
according to our network formation model. The simulated results still presented negative



62

endogenous effects. On the other hand, in the case of contextual peer effects, we began to
verify only impacts of the outcome variable itself, observed in the previous period. For the
heterogeneous effects model, the simulated results continue to corroborate the relevance
of individual centrality on academic results, with magnitudes more expressive than those
found for the original sample.

We understand that despite our database being a rich source of information for
this study, with data that enabled us to construct the students’ friendship networks and
socioemotional measures, we are aware that it has also some limitations such as a lack of
more complete information regarding the students’ exogenous characteristics (both at the
personal level such as ethnicity information, and at the level of family environment, such
as the parents’ educational level and information of some socioeconomic measure of these
students) and lack of adherence of the socioemotional test with the original competencies
that it was intended to measure (possibly because of our students’ age and due to the fact
that this applied questionnaire was still under development and could be considered long
for the age group addressed). Because, as we have seen, the variables that compose the
model could be as important as dealing with identification problems, as they determine
which aspects will be captured as predictors of the results we assessed.

Anyway, not only because of the limitations, the empirical results obtained here,
which sometimes are in line with evidence of some studies and sometimes are in line
with evidence of other studies, show how relevant the relationship between the topics we
address here is relevant and how much it is necessary to explore it within this literature
to obtain clearer and even more robust results to effectively support public policies.
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3 Impact of Full-Time High School on Net-
work Connectivity Measures

3.1 Introduction
The need to improve the quality of education offered to children and young people,

especially in the most vulnerable environments, has led to the implementation of several
programs focused on expanding the school time. The increase of time would permit ex-
ploring new content and activities, extending the students’ time of study and expanding
the school integration, promoting more comprehensive education and reflecting in in-
creased academic performance. Nevertheless, there is no consensus in the literature on
the effectiveness of this type of program.

Studies around the world have sought to evaluate the relationship between in-
creased time and school performance, with varying results, both in developed countries
and developing countries. In the United States, Dynarski et al. (2004) investigated the
impact of community programs that offered additional educational activities in the extra-
curricular period and did not observe significant effects on the grades of elementary or
high school students. In turn, Zimmer, Hamilton e Christina (2010) assessed the impact
of a program implemented in public schools in Pittsburgh and verified significant effects
on the math scores of elementary and high school students. Also in the context of devel-
oped countries, Meyer e Klaveren (2013) found no effect on the mathematics or language
tests of elementary school students in a Dutch program and Battistin e Meroni (2016)
registered that the expansion of school time entailed positive results for the mathematics
grades of students from Southern Italy.

Looking at emerging countries, Hincapie (2016) observed positive effects for math-
ematics and language in a full-time education program implemented in Colombian el-
ementary education, although the effects on language tests were smaller in magnitude
and less robust. In Chile, using a method of differences in differences, Pires e Urzua
(2010) have identified positive effects on cognitive tests and reduction in school dropout
of students who opted for full-time high school, although these results vary in magnitude
and significance depending on the subsample analyzed. In Brazil, much of the studies
evaluate full-time teaching programs for elementary school students and find little or no
effect on the test scores (AQUINO; KASSOUF, 2011), even identifying negative effects
on mathematics grades (ALMEIDA et al., 2016; GANDRA, 2017).

In view of such heterogeneous results, our study fits into this context of evaluation
of full-time educational programs, but seeking to look from another angle, after all, if
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the prospects for gaining from these programs are so promising, why do the results seem
unsatisfactory? One type of literature that has grown a lot in recent times and that
could shed some light on this inquiry is the literature that studies how the effects of
peers can influence the individuals’ educational outcomes. Beyond demonstrating what
students can gain from their friendship ties (BRAMOULLÉ; DJEBBARI; FORTIN, 2009;
SACERDOTE, 2001; CARRELL; FULLERTON; WEST, 2009), some studies suggest
that the formation of these links is dynamic,1 and may vary if there are changes in the
parameters the individuals are subject to (GOLDSMITH-PINKHAM; IMBENS, 2013;
CHRISTAKIS et al., 2010; CARRELL; SACERDOTE; WEST, 2013).

It seems reasonable to assume that moving from a regular education model to a
full-time model would have great potential to change the dynamics of the relationships
between students. The coexistence between them increases, new activities are shared and
they spend much less useful time in other environments, therefore, with less possibility
of forming external links. The schoolmates, and particularly the classmates increasingly
become their references.

That brings us to the question this study intends to investigate. Does the im-
plementation of full-time high school change the structure of the students’ friendship
network? As far as we know, there is no other study that has explored the possibility
of educational interventions affecting the structure of the networks. In the educational
sphere, what comes closest to what we want2 is the study by Carrell, Sacerdote e West
(2013). They show that an intervention that separated the students into groups according
to their academic outcomes affected the type of link created among the students and,
therefore, the reference group of each student within the network.

In the area that investigates the exposure to formal credit markets, there are
some studies with questions close to the one we seek to answer here, but sometimes with
different results. Banerjee et al. (2018) investigated the impact of the introduction of
microcredit institutions in Indian villages on the structure of their social networks and
identified a significant reduction in these network ties. On the other hand, Comola e Prina
(2014) analyzed how access to savings accounts in Nepalese villages affected the structure
of informal financial transaction networks. In addition to reporting increased links within
these networks, the same authors conducted some exercises to demonstrate that, if this
change is not taken into account, the effects of the policy of expanding the access to
savings accounts would be underestimated3.

1 The individuals permanently have the opportunity to build a relationship with the other person. This
decision will take into account all the benefits this relationship offers, depending on factors such as the
characteristics of the individual, a possible friend, and other parameters of his network.

2 Unlike us, the intervention they analyze directly affects the construction of the students’ network.
3 Other studies investigating the peer effect have already pointed to the importance of taking into account
the network formation when estimating the effects. Carrell, Sacerdote e West (2013), for example, show
that, in the investigated intervention, the groups were constructed according to the premise that students
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In our case, we used data from 2018 for high school students from public schools in
the state of Sergipe (Brazil) and observed that the implementation of full-time high school
led to an increase in the centrality of these students in their friendship networks. These
results, together with the evidence from the literature on the importance of considering
such changes in the evaluation of the effects of the policy itself, have led us to a new
question. Would the absence of robust effects in the studies that investigated the impacts
of school time extension policies hide a possible channel through which the program would
affect the students’ academic outcomes, that is, the social network structure?

To try and answer this question, we first verified that, in the case of our sample,
we would not find a significant effect either if we simply investigated the impact of full-
time high school on the students’ grades. Then, we explored a model that includes the
possibility of test scores being affected by students’ centrality measures and observed
positive and significant effects on Mathematics scores. This result suggests that, if the
full-time education policy affected students’ connectivity measures and if some of these
measures affect the students’ academic outcomes, then the network structure seems to be
a possible channel through which the program would affect the students’ scores.

The sequence of this work is divided as follows: in the next section, we will present
the context for the implementation of the evaluated program, as well as an analysis of the
sample construction and the collected data. In section 3.3, we briefly analyze the structure
of the observed social networks and investigate the impact of the program on the network
structure. In section 3.4, we discuss a possible mediation effect of the intervention on the
students’ cognitive test scores through the social network structure. Finally, we present
our final considerations about the study.

3.2 Context and Data

3.2.1 The Context of Full Time High School

In 2014, the National Education Plan (Plano Nacional de Educação - PNE), which
was approved by Federal Law 13,005 and remains in force until 2024, has set, among other
goals: (i) the universalization of school attendance for youth 15 to 17 years of age by 2016;
(ii) the promotion of the quality of basic education, in order to improve the flow of school
and learning, in accordance with the biannual goals; and (iii) the provision of full-time
education in at least 50% of the public schools, in order to attend to at least 25% of
the students in basic education. However, what the data from 2016 revealed was a very
different reality.
with lower grades would benefit from the presence of students with higher grades in their networks, but
when students were separated into groups with these characteristics, there was a change in the pattern
of links formed within the heterogeneous networks, which led to very different results than expected,
generating a negative effect for students in the lower end of the distribution of academic skills.
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Data from the National Continuous Household Sample Survey (Pesquisa Nacional
por Amostra de Domicílios Contínua - Pnad) showed that 12.8% of the population in this
age group were still out of school. The Basic Education Development Index4 (IDEB) also
indicated a distance of this quality parameter from the planned goals5. And data from
the School Census showed that only 6.7% of public school enrollments in high school were
in the full-time modality.

It is in this context that the Program to Promote the Implementation of Full-Time
Schools6 (Programa de Fomento à Implementação de Escolas em Tempo Integral - EMTI)
was established at the national level, aiming at the improvement of high schools and
the permanence of young people in this school stage. The program provides for support7

for the implementation of a pedagogical proposal of full-time high schools in the public
education system, based on the extension of the school day and on the integral and
integrated student education, considering both cognitive and socioemotional aspects.

It is also in this context, and given that adherence to the EMTI is given to the
state department of education, that the "School Educates More" (Escola Educa Mais)
program was created in the State of Sergipe. Sergipe is the smallest Brazilian state and,
despite having presented the third highest Gross Domestic Product (GDP) per capita
among the nine states of the Northeast in 20168, its education rates went in the opposite
sense. In 2015, the IDEB of Sergipe, for state-owned high schools9, amounted to only 2.6,
the worst indicator in the Northeast, and much lower than the national average. Besides
worrying school performance rates, 17% of state high school students failed and 16.3%
dropped out of school in 2015, the learning rates were also very critical, as only 0.52% and
0.46% of the students in state high schools presented proper knowledge on the Portuguese
and Mathematics tests of Saeb.

With only 4 full-time high schools until 2016, the program "School Educates More"
combines the understanding that the state public high schools panorama requires the
construction of more effective public policies and the opportunity for federal financial
support for the implementation of a full-time education policy, to set the goal of offering
full-time education in 38 high schools of the state education system, between the years
2017 and 2018.

In fact, Sergipe reached the established goal and implemented the new pedagogical
4 The IDEB (Índice de Desenvolvimento da Educação Básica) is calculated based on the students’
Portuguese and Mathematics test scores (Sistema de Avaliação da Educação Básica - Saeb and Prova
Brasil) and on the school flow-pass rate (School Census).

5 The High School IDEB of State schools was 3.5 in 2015 (the IDEB is biannual and we have no
coefficients for 2016), while the goal of the State schools for that year was 3.9.

6 Ministry of Education (MEC) Decree 1,145 from 2016.
7 Through the transfer of financial resources to the department of education of the participating states.
8 According to data from the Brazilian Institute of Geography and Statistics.
9 Like for Brazil, more than 97% of enrollments in public high schools in Sergipe come from the state
education system.
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model in 13 schools in the year 2017 and in 24 schools in the year 2018. The database
constructed from the assessment of the implementation of the program in 2018 will allow
us to develop the analyses we propose in this article.

3.2.2 Data

As mentioned, for the analyses in this article, we will use the data collected in
2018 to assess the implementation of full-time high school education in Sergipe.

For the year 2018, the State Department of Education submitted for evaluation of
the MEC 24 schools that manifested their interest in the adoption of the full-time high
school education model and obtained the official approval for all of them. It is important
to highlight that the appointment of a school to participate in the EMTI only occurs
if the school itself takes interest, which involves the school community’s approval of the
new model. In addition, if on the one hand the MEC recommends ranking the submitted
schools according to some infrastructure requirements10 and physical capacity, on the
other hand, it also recommends that education departments give priority to the choice of
schools in regions of social vulnerability.

To permit the evaluation, in addition to the data from the 24 schools that have
adopted the new teaching model, the Department of Education further ranked 24 regular
high schools, which had characteristics as close as possible to the schools in the program,
to serve as a comparison group. Thus, our original sample would consist of 48 schools, 24
for treatment and 24 controls, distributed among 28 cities in the state, in addition to the
capital.

As Sergipe adopted a gradual implementation format, with the conversion of one
grade per year, in 2018, the data collection only involved students in the 1st grade of high
school (or the 12th grade of basic education), being the only students the program directly
affects at the treated schools. In addition, for budgetary reasons, the data collection was
done in a single class of each school11.

Data were collected at two points in time. In March 2018, at the beginning of the
school year and, hence, at the start of the adoption of the full-time high school education
model, a baseline survey was conducted through the application of assessments such as
the revised version of the SENNA (Social and Emotional or Non-cognitive Nationwide
Assessment), an instrument developed by the Ayrton Senna Institute to measure five
non-cognitive skills12, and standardized tests of Portuguese Language and Mathematics.

10 Related to spaces such as the principal’s office, teachers’ room, secretary room, computer lab, library,
bathrooms, indoor courtyard, among others.

11 To avoid arbitrariness, the data were always collected in Class A of the 1st grade of high school at
each school.

12 The measures obtained by the SENNA are: Agreeableness, Self-Management, Engagement with Oth-
ers, Emotional Resilience, and Openness. Agreeableness includes traits such as empathy, respect, and
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In November 2018, that is, at the end of the school year, the follow-up research took
place, involving the application of the same baseline assessments. In addition, the students
answered a socioeconomic questionnaire, with information on personal characteristics such
as age, gender and race, and information on the family environment, such as the mother’s
level of education and items regarding infrastructure and consumer durables present at
home.

The essential data for our research were collected only in the follow-up research
and allow us to identify the students’ friendship network and generate the connectivity
measures explored in our empirical exercises. The friendship information was obtained
through a questionnaire that asked each student to identify up to five best friends, within
the list of classmates. Assuming that friendship relations are reciprocal, that is, there is
a link between two students if at least one of them indicated the other as a friend, the
structure of each friendship network is captured by a symmetric matrix Gr of 𝑛𝑟 × 𝑛𝑟

dimensions, where 𝑛𝑟 is the number of students in class r. The elements of the matrix
Gr will be equal to 𝑔𝑟,𝑖𝑗 = 𝑔𝑟,𝑗𝑖 = 1 if we observe a link between students i and j and 0
otherwise, while all the elements of its diagonal, 𝑔𝑟,𝑖𝑖, are equal to zero.

Our sample is based on the collection of data from the baseline and follow-up
assessments, the socioeconomic questionnaire and the friendship questionnaire. At first,
we departed from a sample of 48 schools, however, observing the baseline data, we found
that we had no information for 1 Control School, so that we could build a sample with
a maximum of 47 schools. In addition, when we collected the friendship information, we
identified the absence of information for three more control schools, which left us with a
final sample of 44 schools, being 24 treatment, and 20 control units. In terms of students,
we started with a sample with 1203 students, being 641 treated students and 562 control
students. After excluding the students who did not have information from the instruments
in the follow-up or information for the variables in the socioeconomic questionnaire and
who did not have any friendship link, we got a final base with 717 students, being 392
treatment students and 325 controls.

We know that our program was not implemented randomly and our final sample
did not continue with the same number of schools with and without the presence of full-
time education, so before defining our empirical approach we did some balancing and
attrition tests.

As the program is adopted at the school level, we first compared the characteristics
of the schools that adopted full-time high school education and the schools in the compar-
modesty; Self-Management includes organizational skills, determination, focus, persistence, and respon-
sibility; Engagement with Others involves traits of assertiveness, enthusiasm, and ease of communication;
Emotional Resilience refers to aspects such as tolerance to stress, self-confidence, and self-control; and
Openness includes traits such as curiosity, creativity, and interest in the arts.
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ison group, using data from the 2017 School Census13. Table 3.1 presents the balancing
result, considering the schools in the original sample and in the sample that considers the
school that was lost due to the absence of baseline information, which we will call the
initial sample.

Table 3.1 – Balance Check - School Sample

Original Sample Initial Sample

Sc
ho

ol
D

at
a

Sewer 0.226 0.201
Teachers’ room 0.104 0.068

Science Lab -0.052 -0.035
Library 0.313 0.294

Reading Room -0.132 -0.175
Bathroom with shower -0.072 -0.066

Dinning Hall 0.272 0.295*
Indoor Courtyard 0.194 0.186

Number of Classrooms 0.021 0.029
Number of Students Computers -0.007 -0.003

Number of Employees -0.006 -0.007
State’s Capital -0.030 0.032

N 48 47
F Test 2.849 3.089

Note: The data source for "School Data" is 2017 School Census. Balance
check estimated using ordinary least squares, with standard errors clustered
at school level. *** means p-value <0.01, **p-value <0.05 and * p-value
<0.1.

In the case of the original sample, although we cannot rule out the unbalance, the
results suggest that the Department of Education actually indicated a group of comparison
schools very similar to the group of schools treated, in terms of infrastructure and location
in the State capital. When we look at the initial sample we see that the loss of one of the
control schools does not substantially change the balancing results.

After observing the patterns of the preliminary samples, we proceed to investigate
the behavior of the final sample. In this case, besides comparing the schools’ character-
istics, we also analyzed possible differences in the students’ characteristics, considering
the variables of the socioeconomic questionnaire and the scores of the socioemotional
instrument and the Language and Mathematics tests obtained at baseline.

The results are presented in table 3.2 and, at the school level, they indicate that
the loss of the other three control schools, because of the friendship data, does not greatly
affect the balancing of the groups when considering what was observed for the previous
samples.

13 One of the treatment schools was new and had no information for the 2017 School Census. Thus,
in order not to impair our analysis, we used, only for this school, the information present in the 2018
School Census. It should be noted that, for the variables considered, the variations from 2017 to 2018
are not expressive. On average, the difference between the two years is always greater in favor of the
treated schools. Therefore, the complementation of the data of the treated school, at the limit, tends to
go against and not in favor of the balance.
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Table 3.2 – Balance Check - Final Sample

School Sample Student Sample

Sc
ho

ol
D

at
a

Sewer 0.175 0.150
Teachers’ room -0.517** -0.533***

Science Lab -0.052 -0.132
Library 0.336 0.453**

Reading Room -0.151 -0.152
Bathroom with shower 0.033 0.150

Dinning Hall 0.318* 0.329**
Indoor Courtyard 0.205 0.132

Number of Classrooms 0.026 0.040
Number of Students Computers -0.002 -0.002

Number of Employees -0.005 -0.005
State’s Capital -0.068 -0.104

St
ud

en
t

D
at

a

Age 0.039 0.019
Race: White 0.017 0.010
Race: Brown -0.017 -0.017

Woman 0.046 0.018
Retention -0.060* -0.025

Early Childhood Education -0.104* -0.111**
Mother’s Schooling: Elementary School -0.093 0.007

Mother’s Schooling: High School -0.062 -0.023
Mother’s Schooling: College or more -0.073 -0.012

Socioeconomic Status -0.035 -0.059
Agreeableness (t-1) 0.024 0.002

Self-Management (t-1) 0.053* 0.024
Engagement with Others (t-1) 0.031 0.024

Emotional Resilience (t-1) -0.001 0.002
Openness (t-1) -0.020 -0.004

Language Test (t-1) 0.018 -0.004
Math Test (t-1) -0.008 0.008

N 44 717 717
F Test 14.65 3.855 131.6

Note: The data source for "School Data" is 2017 School Census. Balance check esti-
mated using ordinary least squares, with standard errors clustered at school level. ***
means p-value <0.01, **p-value <0.05 and * p-value <0.1.

When we look at the comparison of the students’ characteristics, in combination
with the school characteristics, we observe that we cannot reject the hypothesis of an
unbalance, but there is no indication of a clear difference between the groups; the differ-
ences do not clearly appoint a possible bias in favor of the treated units. In terms of the
school characteristics, the negative coefficient of teacher’s room is opposed to the positive
coefficients of library and dinning hall, leaving no clear indication if the school infrastruc-
ture of the treated schools, before the program, is better or worse when compared to the
control schools. In the case of the students’ characteristics, the negative coefficient of the
variable that indicates whether the student attended early childhood education would be
an unfavorable indication for the full-time high school sample, as studies indicate that
early childhood education would be a predictor of positive educational outcomes through-
out life (HECKMAN; KARAPAKULA, 2019b; CAMPBELL et al., 2012). Anyway, as we
cannot rule out the presence of some difference between the groups, we will consider all
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these characteristics in our empirical analysis.

We have also tested whether there would be selective attrition between the final
sample and the initial sample, that is, the sample of students who had some information
for the baseline instruments, considering all students with information for each score of
the socioemotional assessment, cognitive tests and variables of the socioeconomic ques-
tionnaire. For the sake of this analysis, we regressed each of the measures in a treatment
dummy, a variable that indicates if the student is part of the final sample or not and an
interaction variable between both (which will indicate the presence of selective bias or
not).

Table 3.3 presents the results of this exercise and presents evidence of some attri-
tion in the case of the socioemotional measure scores for Self-Management and Emotional
Resilience. This underlines the need to take these measures into account in our empirical
exercises.

Table 3.3 – Test of Selective Attrition - Final Sample

Treat x Final Sample Treat Final Sample N

Age -0.270 0.291* -0.247** 1,198
Race: White 0.059 -0.036 -0.052 1,187
Race: Brown -0.052 0.047 0.062 1,187

Woman -0.009 0.049 0.050 1,202
Retention -0.196 0.085 -0.105 1,186

Early Childhood Education 0.039 -0.090*** 0.029* 1,189
Mother’s Schooling: Elementary School 0.009 -0.016 0.011 1,187

Mother’s Schooling: High School -0.053 0.032 0.083* 1,187
Mother’s Schooling: College or more 0.022 -0.017 -0.057* 1,187

Socioeconomic Status -0.016 -0.017 0.019 1,118
Agreeableness (t-1) 0.223 -0.032 0.037 1,175

Self-Management (t-1) 0.319*** -0.105 -0.061 1,175
Engagement with Others (t-1) 0.200 0.019 -0.078 1,175

Emotional Resilience (t-1) 0.179* -0.076 -0.068 1,175
Openness (t-1) 0.120 0.055 -0.048 1,175

Language Test (t-1) 0.122 0.016 0.164 1,180
Math Test (t-1) 0.125 -0.115 -0.055 1,180

Note: Results estimated using ordinary least squares, with a set of variables for school characteristics
and standard errors clustered at school level. *** means p-value <0.01, **p-value <0.05 and * p-value
<0.1.

3.3 Descriptive Analysis and Results

3.3.1 Descriptive Analysis

The main goal in our analysis is to investigate whether the implementation of
the full-time high school education policy can change the structure of the friendship
network of the attended students. We will use four measures of students centrality, which
are: "Closeness"," Betweenness", "Degree" and "Katz-Bonacich". All these measures are
properly defined in Appendix C1.
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Although a descriptive analysis of all possible variations observed in the social
network structures between the pre-and post-treatment periods is not possible, as we do
not have information on the friendship links for the previous period, if we analyze the
final structure of our 44 networks14, we can extract some preliminary information about
the behavior of the networks that joined and did not join the program.

In our sample, overall, the control networks contain a slightly higher number of
students than the treated networks15, but the data show that this is not reflected in
friendship links among their students. Let us look at an example of the picture of friendship
relations for one school in each group:

Figure 3.1 – Network Example

Note that both networks contain the same number of students, but the similarity
stops there. In the school that adopted full-time high school education, the students built
a much larger number of friendship links, consequently resulting in a denser network16,
but that is not all. Figure 3.1 also shows that, in general, the students at the treated school
are in a more central position within their network when compared with the students at
the control school.

The pattern observed in this example, to some extent, seems to extend to the other
cases in our sample. Table 3.4 suggests that, on average, the treated networks are denser
and their students more central in three out of four measures considered.

This is only descriptive evidence, but indicates that the program can affect the
network structure. Nevertheless, due to the lack of information for the initial period, we
could raise the question if the sampling and the friendship questionnaire applied could not

14 In our case, as the relationships are restricted to students in the same classroom, with only one class
per school, each social network represents one school.

15 The mean and median of the number of students in the control schools are, respectively, 20 and 22,
against a mean and median of approximately 18 for the treated schools.

16 "Arcs" and "Density" definitions are also available in Appendix C1.
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Table 3.4 – Descriptive Statistics - Connectivity Measures

Treated Network Control Network
Mean Std. Dev. Mean Std. Dev.

Number of Students 18.33 5.71 19.93 6.82
Arcs 78.75 34.16 78.54 41.7

Density 0.26 0.07 0.21 0.08
Closeness 0.44 0.11 0.39 0.13

Betweeness 0.08 0.12 0.08 0.13
Outdegree 0.26 0.13 0.21 0.12

Katz-bonacich 0.39 0.25 0.3 0.21

"impair" the control students’ network measures. Therefore, we will present some statistics
showing that this should not be the case.

First, according to table 3.4, although the average number of students is higher
in the case of the control schools, the average links among the students (captured by the
Arcs variable) is very close for the two groups. This would indicate that the students of
the control schools actually form less links (as captured by the Density variable) or that,
by limiting the number of indications to 5 friends, the questionnaire applied to students
would represent a restriction on the true network of students, especially the network of
controls.

If we look at the number of friends the students originally indicated in the final
sample, 63.3% of the treated students indicated five friends, while 62.5% of the controls
indicated the maximum number. In other words, this limit does not seem to be a substan-
tial restriction for both types of schools. If considered a restriction, the figures indicate
that it could affect the treated networks even a little more than the control networks.
Furthermore, a comprehensive analysis of the number of indications shows that, on the
one hand, approximately 81.3% of the treated students indicated between four and five
close friends, while 73.8% of the control students indicated in the same interval. On the
other hand, 17.2% of the control students in the sample did not indicate anyone (and
only continued in the database because other students indicated them), while only 6.6%
of the treated students did not appoint any tie, suggesting a lesser number of links for
the controls as a matter of choice, reflecting the actual network structure.

But, beyond the questionnaire, we could consider that, when constructing the sam-
ple, the observations we lost would be affecting the links the control students appointed
more than the treated students’ links. To test this hypothesis, we have developed three
analyses: (i) calculate the number of lost links when comparing the number of friends
the students indicated and the number of friends in the initial sample; (ii) calculate the
number of lost links when comparing the number of friends indicated and the number of
friends in the final database; and (iii) calculate the number of students lost in each net-
work when comparing the final and initial samples. In all three cases, we tested whether
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there would be a significant difference between the treated and control students. Note
that, in the first two analyses, we are testing whether the observations lost reduce the
control students’ links of friendship more than those of the treated students. In the final
analysis, we are testing whether the number of links of the treated students could seem
higher because the treated networks decreased more than the control networks.

The results are presented in table 3.5 and refer to the number of the analysis
defined in the above paragraph.

Table 3.5 – Balanced Tests - Missed data

Treatment Control
Means DifferenceMean Std. Dev. Mean Std. Dev.

Analysis 1 -0.20 0.48 -0.19 0.51 -0.01
Analysis 2 -1.14 1.08 -1.18 1.25 0.04
Analysis 3 -7.07 3.06 -10.99 5.24 3.92***

*** means p-value <0.01, **p-value <0.05 and * p-value <0.1.

Note that there is no significant difference in the number of lost links, but there is
a significant difference in the number of lost students. It turns out that, on average, the
control networks lose more students and, as the number of lost links is approximately the
same between the two groups, this difference should favor the control networks in terms
of density, instead of the treated networks.

Finally, we have tested whether some school characteristics could be interfering
in this proportionally smaller number of links in the regular high schools. First, we have
observed that the number of schools offering the final years of elementary education in
the previous year (2017) was equal between the two groups17, which indicates that the
possibility of longer links of friendship is proportionally greater for the control students,
as the total number of treated schools in the sample is greater. And we have investigated
if the number of high school students, considering both the three years of this stage
and only the first year, could be significantly higher in the regular schools, which could
indicate that the students have more friendship options beyond their class, reducing the
indications of friendship within the class.

Table 3.6 shows that there is no significant difference between the number of
enrollments in full-time and regular high schools.

Therefore, as far as we were able to investigate, we found no case that could
indicate the presence of an artificial limitation to the structure of the control networks to
the detriment of the treated networks.

17 17 treated and 17 control schools would also attend the second stage of elementary school, according
to data from the 2017 School Census.
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Table 3.6 – Balanced Tests - High School Enrollment

Treatment Control
Means DifferenceMean Std. Dev. Mean Std. Dev.

1st year 158.33 95.08 175.45 112.31 -17.12
1st, 2nd and 3rd years 465.46 318.24 395.6 252.34 79.86

Note: The data source is 2018 School Census. *** means p-value <0.01, **p-value
<0.05 and * p-value <0.1.

3.3.2 Impact of Full Time High School on Network

To investigate our hypothesis on the impact of full-time high school education on
the structure of friendship networks, we will follow an empirical strategy close to those
used by Banerjee et al. (2018) and Comola e Prina (2014) and we will estimate the
following model:

𝑀𝑖𝑟,𝑡 = 𝛼 + 𝛽𝑇𝑟𝑒𝑎𝑡𝑟 + 𝛾′Yir,t−1 + 𝛿′Xir,t−1 + 𝜌′Sr,t−1 + 𝜖𝑖𝑟,𝑡 (3.1)

where 𝑀𝑖𝑟,𝑡 represents one of the measures of connectivity for student i from net-
work r at time t (follow-up); 𝑇𝑟𝑒𝑎𝑡𝑟 is the treatment dummy; Yir,t−1 is the vector of
student i’s socioemotional and cognitive scores measured at baseline (t-1); Xir,t−1 is the
vector of the student’s socioeconomic characteristics; Sr,t−1 is the vector of the school’s
characteristics18; and 𝜖𝑖𝑟,𝑡 is the error term of the model. All estimations consider the
standard errors clustered at the school level.

It is important to note that we are dealing with an important identification prob-
lem. As the treatment was not randomly assigned, the selection for the program may be
correlated with observed or non-observed characteristics of the treated units and we need
to address this self-selection problem. If the characteristics involving the decision to join
the program or not are totally unknown, they will be incorporated into the model error
and our estimated 𝛽 will be biased. On the other hand, if we can include in the model
all the characteristics that represent the relevant differences between treated and con-
trolled units, then we can get consistent estimates for our parameter of interest (DUFLO;
GLENNERSTER; KREMER, 2007).

In this regard, we believe that, in this study, we have reasons to believe that
the available information should be sufficient to assume the hypothesis of selection on
observables, which is equivalent to saying that we have an error term with a conditional
mean equal to 0 and that we will be able to properly identify the relationship between the
treatment and the variation in the structure of the friendship networks (RAVALLION,
2007; TODD, 2007).

18 The vector of the school’s characteristics and the vectors of the students’ characteristics and scores
include the variables identified in table 3.2.



76

As mentioned in subsection 3.2.2, the decree of the MEC that establishes the
EMTI recommends ranking the participating schools according to some infrastructure
and physical capacity requirements, in addition to giving priority to schools located in
regions of social vulnerability. To capture these aspects, we are considering in our model
several variables that characterize the infrastructure and availability of resources at the
schools, including items expressly mentioned in that Decree. We have also included a
range of characteristics of students and their family environments, which capture the
socioeconomic conditions of the school community. In addition, although we do not have
data on the structure of the friendship network for the period prior to the treatment, our
specification considers both the students’ socioemotional and cognitive scores measured
at baseline, under the assumption that past performance measures would be a sufficient
statistic for the students’ history of non-observable information and innate ability (TODD;
WOLPIN, 2003).

Given these considerations, we can proceed to the analysis of the results of the
model 3.1.

Table 3.7 – Impact of Full Time High School on Network

Closeness Betweeness Degree Katz-bonacich

Treatment 0.074*** 0.012 0.059*** 0.124**
Observations 717 717 717 717

Note: Results estimated using ordinary least squares, with a set of stu-
dents variables (socioeconomic, socioemotional and cognitive measures at
baseline) and a set of variables for school characteristics. Standard errors
clustered in school level. *** means p-value <0.01, **p-value <0.05 and
* p-value <0.1.

The results suggests that the implementation of the full-time high school can gen-
erate an important change in the structure of the friendship networks of the attending
students. We observe statistically significant variations in three of the four measures that
capture the students’ level of centrality within their networks. Although the estimated co-
efficients may seem very small, we describe the change as relevant because they correspond
to effects ranging from 0.46 (Degree) to 0.60 (Closeness) standard deviations.

But if the treatment can influence a reasonable change in the friendship networks,
should we not consider the influence of such effects when investigating the possible im-
pacts of the program on the students’ academic outcomes? Studies investigating the ef-
fects of peers on the students’ cognitive scores demonstrate the importance of considering
the formation of networks in the calculation of these effects (CARRELL; SACERDOTE;
WEST, 2013; GOLDSMITH-PINKHAM; IMBENS, 2013; CHAN; LAM, 2014). Further-
more, Comola e Prina (2014) show that an intervention that provided access to the formal
financial market modified the structure of the informal financial transaction network and



77

that ignoring such changes underestimates the general impact of the intervention.

Thus, in the next subsection, we will investigate a possible mediation effect of the
intervention on the students’ cognitive test scores, through the social network structure.

3.4 Mediation Effects
As mentioned in the subsection 3.1, different studies have investigated the possi-

ble effects of full-time high school education on the students’ cognitive test scores and
the observed effects show to be rather heterogeneous, with several results indicating no
significant effects.

But given the results we have found regarding the influence of the program on the
behavior of the students’ friendship network, the question that arises is: in some cases,
the absence of effects verified by these studies would not be hiding a possible channel
through which the program would impact the students’ academic outcomes, that is, the
social networks’ structure?

To investigate the hypothesis of a possible mediation effect through the friendship
network, we will estimate a model that explores the influence of network connectivity
measures on students’ academic outcomes, according to the following equation:

𝑌𝑖𝑟,𝑡 = 𝛼 + 𝛽𝑇𝑟𝑒𝑎𝑡𝑟 + 𝜃𝑀𝑖𝑟,𝑡 + 𝛾′Yir,t−1 + 𝛿′Xir,t−1 + 𝜌′Sr,t−1 + 𝜖𝑖𝑟,𝑡 (3.2)

Where 𝑌𝑖𝑟,𝑡 is the standardized scores on the Language or Mathematics test of
student i from class r at time t (follow-up); 𝑇𝑟𝑒𝑎𝑡𝑟 is the treatment dummy; 𝑀𝑖𝑟,𝑡 repre-
sents one of the four centrality measures of student i from network r at time t; Yir,t−1 is
the vector of student i’s socioemotional and cognitive scores, measured at baseline (t-1);
Xir,t−1 is the vector of the student’s socioeconomic characteristics; Sr,t−1 is the vector
of the school’s characteristics; and 𝜖𝑖𝑟,𝑡 is the error term of the model. All estimations
consider the standard errors clustered at the school level.

For the mere sake of comparison, before presenting the results of equation 3.2, let
us estimate a model like equation 3.1 to know the direct result of the treatment for the
students’ cognitive outcomes19.

The results of this estimation are presented in table 3.8 and show that, without
considering the networks’ influence, we did not find any significant effects either for the
implementation of full-time high school education, in line with other studies.

19 Basically we estimate the model of the equation 3.1, only considering students’ standardized scores
on the Language or Mathematics test, as a dependent variable.
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Table 3.8 – Impact of Full Time High School on Cognitive
Scores

Language Test Math Test

Treatment 0.077 0.137
Observations 717 717

Note: Results estimated using ordinary least squares,
with a set of variables for student characteristcs (socioe-
conomic, socioemotional and cognitive measures at base-
line) and a set of variables for school characteristics. Stan-
dard errors clustered in school level. *** means p-value
<0.01, **p-value <0.05 and * p-value <0.1.

We will now analyze the results of the equation model 3.2 presented in tables 3.9
and 3.10. For the Language test score, we did not observe significant results, suggesting
that, in this case, centrality measures would not be a channel for mediating the effects of
the intervention20.

Table 3.9 – Impact of Centrality Measures on Language Test Score

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

Treatment 0.046 0.074 0.057 0.051
Closeness 0.463 0.423

Betweeness 0.261 0.252
Degree 0.383 0.350

Katz-bonacich 0.233 0.214
Observations 717 717 717 717 717 717 717 717

Note: Results estimated using ordinary least squares, with a set of stu-
dents variables (socioeconomic, socioemotional and cognitive measures at
baseline) and a set of variables for school characteristics. Standard errors
clustered in school level. The results presented in the even columns con-
sider exactly the model of the equation 3.2, whereas the results of the
odd columns follow the equation 3.2, excluding the treatment dummy. ***
means p-value <0.01, **p-value <0.05 and * p-value <0.1.

On the other hand, in the table 3.10, if we observe the odd columns, in which the
model does not consider the treatment variable, we find positive and significant results
for three of the four centrality measures, indicating that the network structure can be an
important predictor of students’ math scores. When we move to the even columns, which
includes the treatment dummy, we continue to observe positive and significant results for
the same measures of centrality, but with some reduction in magnitude, suggesting that
such measures would be capturing some effect of the intervention on this score.

Therefore, what is relevant in this analysis is to verify that the network struc-
ture seems to be an actual channel through which the program would affect at least the

20 The results presented in the even columns consider exactly the model of the equation 3.2, whereas
the results of the odd columns follow the equation 3.2, excluding the treatment dummy.
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Table 3.10 – Impact of Centrality Measures on Math Test Score

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

Treatment 0.090 0.133 0.103 0.098
Closeness 0.710** 0.632*

Betweeness 0.381 0.365
Degree 0.639* 0.579*

Katz-bonacich 0.348* 0.311*
Observations 717 717 717 717 717 717 717 717

Note: Results estimated using ordinary least squares, with a set of students variables
(socioeconomic, socioemotional and cognitive measures at baseline) and a set of
variables for school characteristics. Standard errors clustered in school level. The
results presented in the even columns consider exactly the model of the equation
3.2, whereas the results of the odd columns follow the equation 3.2, excluding the
treatment dummy. *** means p-value <0.01, **p-value <0.05 and * p-value <0.1.

students’ math scores and if we did not merely consider and observe only the results
of table 3.8, we might say that full-time high school education does not have any effect
whatsoever.

3.5 Conclusions
Using data from high school students at 44 public schools in the State of Sergipe

(Brazil), we have investigated if the implementation of a full-time education program can
alter the structure of the students’ social networks.

Although the program does not have an experimental design, our sample includes
students from 24 schools that adhered to the program and from 20 regular high schools
who served as a comparison group and which showed to be very similar to the treated
schools in terms of school characteristics as well as student characteristics. In any case,
to deal with the problem of self-selection, we included these characteristics in the control
vector of our econometric model and we believe that they capture very well the factors that
influenced the schools’ adherence to the new educational model. In addition, the vector of
the students’ characteristics includes their cognitive and socioemotional scores measured
in the period before treatment, which would capture the history of the students’ non-
observable characteristics and together with the other controls allowed us to assume the
hypothesis of selection on observables and obtain consistent estimators for the treatment
parameter.

The results of our analysis for our first hypothesis suggest that the policy of ex-
panding school time increases the density of the network and puts the students of these
schools in a more central position within their friendship networks, considering three of
the four measures of centrality that we analyzed.

Therefore, as we have evidence that the program can affect the networks’ structure,
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we proceed to investigate our second hypothesis that the variation in the network structure
could be a possible channel through which the program would affect the student’s cognitive
test scores and not considering this possible spillover effect could lead us to underestimated
effects in the evaluation of the educational policy.

Thus, we first verified what would be the impact of the implementation of full-time
high school on the students’ Language and Mathematics test scores, without considering
any influence of the network, and we found no significant results for this analysis, as was
the case in several other studies on this matter. Next, we estimated a model that explores
the possible influence of the students centrality measures on their academic outcomes and
observed positive effects for some of these measures in the case of math test score. This
evidence appoints that, if the program can affect the network connectivity measures and
if these measures can affect the students’ academic outcomes, then the network structure
would be a mechanism through which the program affects these results so that it cannot
be neglected in the assessment of this type of policy.

We consider that our study results offer a valuable contribution to the literature
that investigates the effects of school time expansion policies. This type of policy has been
increasingly used to offer high-quality teaching and enhance the student’s educational
performance, without there being a consensus in the literature on the effectiveness of its
results. It would also be an excellent contribution to the literature that assesses other
educational policies in a broad sense as, as far as we know, no study existed in this area
that demonstrated the possible spillover effect of such interventions through the students’
social network.

We know that, despite the contribution, the sample and the implementation design
of the program are some of the limitations in this study, as we are not dealing with
an experiment and our sample is restricted to students from a single Brazilian state.
Anyway, the results justify future studies that aim to corroborate the results found and
to strengthen the internal and external validity of these results.
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APPENDIX A - Appendix from Chapter 1

A1 Measures

Figure A1.1 – Description of Writing Levels
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Figure A1.2 – PPVT Measure - Page Example

Figure A1.3 – Reading Measure - Examples of Subtests

Figure A1.4 – Writing Measure - Examples of Subtests
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Figure A1.5 – Expressive Vocabulary Measure - Examples of Figures

Figure A1.6 – THCP Measure - Examples of Subtests
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A2 Testing Selective Attrition

Table A2.1 – Test of Selective Attrition - TS&A + P Sample

Treat x TS&A+P Treat TS&A+P N

PPVT 2.873 0.186 3.343 3,952
Reading a “Parlenda” 0.168 0.093 -0.123 3,942

Reading a List 0.144* -0.061 -0.098 3,942
Writing the name 0.109 -0.037 -0.016 3,950

Writing words 0.314 0.253 -0.136 3,941
THCP - Language 0.141 0.174 0.195 1,969
THCP - Memory 0.619** -0.301 0.071 1,960

THCP - Attention 1.043 -0.004 0.180 1,972
THCP - Total 1.838 -0.180 0.535 1,972

Expressive Vocabulary 1.574 -0.812 0.679 1,976

Note: Results estimated using ordinary least squares, with a set of dummies
for school pairs and standard errors clustered in school level. *** means
p-value <0.01, **p-value <0.05 and * p-value <0.1.

Table A2.2 – Test of Selective Attrition - TS&A + T Sample

Treat x TS&A+T Treat TS&A+T N

PPVT -0.143 2.049 6.452*** 3,952
Reading a “Parlenda” -0.049 0.241** 0.260*** 3,942

Reading a List 0.069 -0.011 0.088** 3,942
Writing the name 0.066 -0.011 0.076* 3,950

Writing words 0.226 0.313 0.468 3,941
THCP - Language 0.081 0.205 0.292 1,969
THCP - Memory 0.297 -0.107 0.403* 1,960

THCP - Attention -0.710 1.154 1.958*** 1,972
THCP - Total -0.300 1.201 2.734*** 1,972

Expressive Vocabulary -3.015** 2.209* 3.398*** 1,976

Note: Results estimated using ordinary least squares, with a set of dummies
for school pairs and standard errors clustered in school level. *** means
p-value <0.01, **p-value <0.05 and * p-value <0.1.

A3 Robustness Test
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Table A3.1 – Test of Selective Attrition - TS&A + C Sample

Treat x TS&A+C Treat TS&A+C N

PPVT 0.108 1.649 4.401*** 3,952
Reading a “Parlenda” -0.115 0.274** 0.129 3,942

Reading a List 0.053 0.000 -0.034 3,942
Writing the name -0.008 0.036 0.059** 3,950

Writing words 0.148 0.357 0.154 3,941
THCP - Language 0.243 0.097 0.099 1,969
THCP - Memory 0.321 -0.123 0.172 1,960

THCP - Attention 0.432 0.350 0.767 1,972
THCP - Total 1.043 0.263 1.069 1,972

Expressive Vocabulary -1.709* 1.184 1.750*** 1,976

Note: Results estimated using ordinary least squares, with a set of dummies
for school pairs and standard errors clustered in school level. *** means
p-value <0.01, **p-value <0.05 and * p-value <0.1.

Table A3.2 – Balance Check

TS&A + C Sample

Sc
ho

ol
D

at
a

Sewer 0.127
Teachers’ room 0.048
Computer Lab 0.013

Library -0.099
Reading Room 0.108

Playgroung -0.176
Bathroom 0.090

Secretary room 0.127
Dinning Hall 0.225*

Internet 0.059
N. Classrooms (prop.) -0.369

N. Adm. Computers (prop.) 7.806
N. Students Computers (prop.) 0.053

N. Employees (prop.) -2.080**
N. Students -0.000

St
ud

en
t

D
at

a

Age: 5 or younger -0.009 -0.015
Girl -0.015 -0.033**

Lives up to 3 people -0.014 -0.058**
Assessor 0.031 -0.003
White -0.010 -0.040

Age attended school: 3 or younger -0.056 -0.070*
Live with both parents -0.060** -0.109***

Mother works out -0.027 -0.032
Mother’s schooling: at least high school 0.028 0.038

Socioeconomic status 0.132** 0.021
N 2,484 2,484

F Test 0.205 0

Note: The data source for “School Data” is Censo Escolar 2015.
Balance check estimated using ordinary least squares, with standard
errors clustered in school level. *** means p-value <0.01, **p-value
<0.05 and * p-value <0.1.
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Table A3.3 – Impact of the Reading and Writing Program: Robust-
ness test

TS&A Sample TS&A + C Sample

PPVT 0.062 0.039
Reading a “Parlenda” 0.130** 0.138***

Reading a List 0.072 0.057
Writing the name 0.065 0.014

Writing words 0.161** 0.119**
THCP - Language 0.096 0.107*
THCP - Memory 0.037 0.052

THCP - Attention 0.087 0.119*
THCP - Total 0.096 0.128*

Expressive Vocabulary -0.023 0.006
N 3,259 2,484
N: THCP Total 1,628 1,231
N: Vocabulary 1,624 1,248

Note: Results estimated using ordinary least squares, with a set of
dummies for school pairs. Column “TS&A Sample” also includes
a dummy indicating the kind of assessor and Column “TS&A +
C Sample” also includes a set of variables for school and students
characteristics as indicated at balance check. Standard errors clus-
tered in school level. *** means p-value <0.01, **p-value <0.05
and * p-value <0.1. Results in bold means adjusted p-values at
least <0.1.
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APPENDIX B - Appendix from Chapter 2

B1 Socioemotional and Cognitive Measures - Examples

Figure B1.1 – SENNA Examples

Figure B1.2 – Verbal Test Example

Figure B1.3 – Abstract Test Example
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Figure B1.4 – Spatial Test Example

Figure B1.5 – Numeric Test Example

Figure B1.6 – Logic Test Example

B2 Socioemotional and Cognitive Measures - Factor Analysis

As previously mentioned, we estimated the factor loadings of each of the SENNA’s
items using a common factor analysis with two factors. After estimating the factor load-
ings we applied an oblique “promax” rotation, which admits the correlation between the
factors, to identify which of the factors would be associated with each item21. Below we
present the results obtained for the factor loadings, with the items already separated by
factor:

21 Note that it was not necessary to perform this stage of the exploratory analysis in the case of the
cognitive measures as we identified only one factor composed of five measures.
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Table B2.1 – Factor Loadings

Items loaded on Factor 1 Items loaded on Factor 2

SENNA’s domains SENNA’s item Factor 1 Factor 2 SENNA’s domains SENNA’s item Factor 1 Factor 2

Agreeableness ise_27 0.707 0.094 Agreeableness ise_63 0.145 0.683
Agreeableness ise_32 0.604 -0.027 Agreeableness ise_71 -0.031 0.613
Agreeableness ise_37 0.543 0.027 Conscientiousness ise_38 0.193 0.689
Agreeableness ise_41 0.802 0.159 Conscientiousness ise_52 0.169 0.675
Agreeableness ise_46 0.313 -0.229 Conscientiousness ise_56 -0.167 0.479
Agreeableness ise_50 0.749 0.116 Conscientiousness ise_57 -0.004 0.673
Agreeableness ise_55 0.392 -0.271 Conscientiousness ise_61 0.072 0.598
Agreeableness ise_59 0.657 -0.063 Conscientiousness ise_65 0.127 0.708
Agreeableness ise_68 0.639 -0.03 Conscientiousness ise_69 0.159 0.762
Agreeableness ise_75 0.637 -0.115 Extroversion ise_19 -0.053 -0.44

Conscientiousness ise_9 0.722 0.185 Extroversion ise_88 -0.11 0.482
Conscientiousness ise_12 0.495 0.024 Extroversion ise_91 0.241 -0.362
Conscientiousness ise_15 0.789 0.308 Emotional Stability ise_26 0.095 0.591
Conscientiousness ise_18 0.79 0.295 Emotional Stability ise_30 0.054 0.573
Conscientiousness ise_21 0.773 0.212 Emotional Stability ise_35 0.044 0.634
Conscientiousness ise_23 0.562 0.039 Emotional Stability ise_39 0.085 0.684
Conscientiousness ise_25 0.89 0.276 Emotional Stability ise_40 0.119 0.59
Conscientiousness ise_29 0.709 0.103 Emotional Stability ise_44 0.135 0.607
Conscientiousness ise_34 0.767 0.127 Emotional Stability ise_48 0.103 0.657
Conscientiousness ise_43 0.6 -0.024 Emotional Stability ise_53 0.131 0.804
Conscientiousness ise_47 0.735 0.117 Emotional Stability ise_62 0.063 0.696

Extroversion ise_10 0.547 0.01 Emotional Stability ise_66 -0.31 0.372
Extroversion ise_13 0.327 -0.132 Internal Locus of Control ise_31 0.131 0.624
Extroversion ise_16 0.652 0.047 Internal Locus of Control ise_36 0.182 0.537
Extroversion ise_22 0.251 -0.223 Internal Locus of Control ise_67 -0.08 0.594
Extroversion ise_24 0.371 -0.063 Internal Locus of Control ise_70 0.106 0.719
Extroversion ise_73 0.75 0.063 Internal Locus of Control ise_81 -0.229 0.427
Extroversion ise_77 -0.487 0.109 Internal Locus of Control ise_84 -0.235 0.455
Extroversion ise_80 0.614 -0.058
Extroversion ise_83 -0.518 0.091
Extroversion ise_86 0.445 -0.176
Extroversion ise_90 0.666 -0.118

Emotional Stability ise_11 0.307 -0.034
Emotional Stability ise_14 0.367 -0.014
Emotional Stability ise_17 0.42 -0.059
Emotional Stability ise_20 0.394 0.002
Emotional Stability ise_49 0.63 -0.058
Emotional Stability ise_58 0.56 -0.09

Internal Locus of Control ise_54 -0.352 0.287
Internal Locus of Control ise_74 -0.456 0.245
Internal Locus of Control ise_78 0.66 -0.007
Internal Locus of Control ise_89 -0.371 0.252
Openness to Experience ise_28 0.621 -0.002
Openness to Experience ise_33 0.724 0.156
Openness to Experience ise_42 0.474 -0.123
Openness to Experience ise_45 0.402 -0.207
Openness to Experience ise_51 0.625 -0.072
Openness to Experience ise_60 0.621 -0.031
Openness to Experience ise_64 0.713 0.055
Openness to Experience ise_72 0.636 -0.105
Openness to Experience ise_76 0.563 -0.134
Openness to Experience ise_79 0.456 -0.093
Openness to Experience ise_82 0.504 -0.164
Openness to Experience ise_85 0.419 -0.24
Openness to Experience ise_87 0.614 -0.1
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To name the factors we extracted, we considered the proportion of the absolute
values of the items’ loadings of a given domain in the SENNA instrument on the total
of loading in our factor to which they are related. Thus, in the case of Factor 1, the
most representative SENNA’s domains are Conscientiousness (25%) and Openness to
New Experiences (23%), followed by Agreeableness (19%) and Extroversion (18%), which
is why we call it “Reliability&Curiosity”. In the case of Factor 2, the SENNA’s domain
proportionally most relevant to explain the factor is Emotional Stability (37%), followed
by Conscientiousness (27%) and Internal Locus of Control (20%), which led us to call it
“Self-Management”22

B3 Peer Effect - Centrality Approach

Table B3.1 – Effects using Centrality Approach (own centrality)

Reliability&Curiosity Self-Management

Mr,i
Closeness 0.238 -0.306

Betweeness 0.149 -0.292
Degree 0.098 -0.121

Katz-bonacich 0.137 -0.082
Observations 1260

Note: Each centrality coefficient is obtained from a different regres-
sion, estimated using ordinary least squares, with a set of dummies
for classrooms and a set of exogenous variables (gender, age and so-
cioemotional measures), both on student and group level. Standard
errors clustered at school level. *** means p-value <0.01, **p-value
<0.05 and * p-value <0.1.

22 According to our analysis, the items’ loadings related to the SENNA’s domains that were not men-
tioned, in the two cases, do not represent even 10% of the respective factor.
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Table B3.2 – Effects using Centrality Approach (own and peers
centrality)

Reliability&Curiosity Self-Management

Mr,i
Closeness 0.264 -0.306

Betweeness 0.271 -0.144
Degree 0.110 -0.139

Katz-bonacich 0.135 -0.072
Mr,j

Closeness 0.360 0.001
Betweeness 0.354 0.432*

Degree 0.070 -0.105
Katz-bonacich 0.039 -0.248
Observations 1260

Note: Note: Each centrality coefficient is obtained from a differ-
ent regression, estimated using ordinary least squares, with a set
of dummies for classrooms and a set of exogenous variables (gender,
age and socioemotional measures), both on student and group level.
Standard errors clustered at school level. *** means p-value <0.01,
**p-value <0.05 and * p-value <0.1.

Table B3.3 – Effects using Centrality Approach (heterogeneous centrality)

Reliability&Curiosity Self-Management

| Mr,i − Mr,j |
Closeness -0.025 0.624

Betweeness 0.117 0.819*
Degree -0.148 0.320

Katz-bonacich -0.030 0.272
1{Mr,i>Mr,j}

Closeness 0.027 0.030
Betweeness 0.099 0.108*

Degree 0.019 0.056
Katz-bonacich 0.093 -0.013

1{Mr,i>Mr,j}· | Mr,i − Mr,j |
Closeness 0.028 -0.490

Betweeness -0.226 -0.743*
Degree -0.044 -0.248

Katz-bonacich -0.479 0.291
Observations 1260

Note: Note: Each centrality coefficient is obtained from a different regression,
estimated using ordinary least squares, with a set of dummies for classrooms and
a set of exogenous variables (gender, age and socioemotional measures), both
on student and group level. Standard errors clustered at school level. *** means
p-value <0.01, **p-value <0.05 and * p-value <0.1.
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APPENDIX C - Appendix from Chapter 3

C1 Network Connectivity Measures
In this appendix, we give the definition of the connectivity measures used in the

paper.

Be R the number of networks in our sample, indexed by r, the relationships between
students are captured by an adjacent matrix Gr, with 𝑔𝑟,𝑖𝑗 = 1 if i and j are friends, and
𝑔𝑟,𝑖𝑗 = 0 otherwise. Since a friendship is a reciprocal relationship, we consider that there
is a link between the node i and node j if i chose j as one of his best friends or if j chose
i, that is, 𝑔𝑟,𝑖𝑗 = 𝑔𝑟,𝑗𝑖 and 𝑔𝑟,𝑖𝑖 = 0. As we defined, matrix Gr is symmetrical and the
elements of its diagonal are equal to zero.

1. Arcs: Total number of links between two students. Note that, as we consider friend-
ship to be a reciprocal relationship, the arcs are bidirectional, that is, if students i
and j form a friendship tie this means that we have two links, one from i with j and
one from j with i.

2. Density: Ratio between the Arc and the total number of possible links in a network
(𝑛𝑟 * (𝑛𝑟 − 1)).

3. Closeness Centrality: measures how close a node is to other nodes in a given
network gr.
𝐶𝑙𝑜𝑠𝑒𝑛𝑒𝑠𝑠𝑖(gr) = 1∑︀

𝑘 ̸=𝑖
Δ𝑖𝑘

* (𝑛𝑟 − 1)
In which Δ𝑖𝑘 is the length of the shortest path between node i and node k (the
length between two nodes directly linked is 1).

4. Betweenness centrality: in a given node, this measure is equal to the number of
the shortest paths between each pair of nodes in the network passing through this
node, that is, for a given network gr:
𝐵𝑒𝑡𝑤𝑒𝑒𝑛𝑒𝑠𝑠𝑖(gr) = ∑︀

𝑠 ̸=𝑖

∑︀
𝑡̸=𝑖

𝜎𝑠𝑡(𝑖)
𝜎𝑠𝑡

In which 𝜎𝑠𝑡 is the total number of the shortest paths between node s and node t
and 𝜎𝑠𝑡(𝑖) is the number of these paths that passes through node i.

5. Degree Centrality: Measures the number of links of a given node.
𝐷𝑒𝑔𝑟𝑒𝑒𝑖(gr) = 1

(𝑛𝑟−1) * ∑︀𝑛𝑟
𝑗=1 𝑔𝑟,𝑖𝑗

6. Katz-Bonacich Centrality: measures the importance of a given node within a
social network. To assess how well a node is located, we use the weighted sum of
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the paths departing from this node. A certain value 𝛽𝑔𝑟,𝑖 is assigned to each node,
a value that is proportional to its connectivity 𝑔𝑟,𝑖 = ∑︀𝑛𝑟

𝑗=1 𝑔𝑟,𝑖𝑗, this value being
increased with the value of the node located at a distance link of i, two distance
links, and so on, discounted by a factor that decreases as the distance increases,
that is, the value of the node located s distance links i is weighted by 𝛽𝑠−1. Be 1 a
vector of ones, the vector of Katz-Bonacich centrality can be defined as:

b(gr, 𝛽) = 𝛽Gr1 + 𝛽2Gr
21 + 𝛽3Gr

31 + ... =
∞∑︁

𝑠=0
𝛽𝑠Gr

𝑠 · (𝛽Gr1)

And for 𝛽 small enough23, this infinite sum converges to a finite value, which gives
us:

b(gr, 𝛽) = (Ir − 𝛽Gr)−1 · (𝛽Gr1)

23 To ensure that (Ir − 𝛽Gr)−1 to be invertible we need 𝛽 < 1
𝜆𝑚á𝑥(Gr) , where 𝜆𝑚á𝑥(Gr) is the highest

eigenvalue of the network Gr, and a sufficient condition would be 𝛽 < 1
𝑛𝑟−1 (CALVÓ-ARMENGOL;

PATACCHINI; ZENOU, 2009).
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