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Uncovering Peer Effects in Social and Academic Skills'

By ROMAN ANDRES ZARATE

This paper studies the impact of adolescent peers who are central
in their social network on the formation of social skills and aca-
demic performance of fellow students. I conduct a novel large-scale
field experiment at selective public boarding schools in Peru with
two treatments: (i) more socially central versus less socially central
peers, and (ii) higher-achieving versus lower-achieving peers. Peer
effects are more pronounced for social skills than academic perfor-
mance, and both vary by gender. While socially central peers lead
boys to better social skills, higher-achieving peers decrease girls'
test scores. Gender differences in self-confidence can explain both
findings.(JEL C93, 121, 126, J13, J16, O15, Z13)

dolescence is a crucial stage for developing personality and noncognitive skills

(Heckman and Mosso 2014). Similar to academic skill formation, socialization
in schools during adolescence can influence the accumulation of social skills for
life. There is a growing appreciation of the importance of social skills in later life,
as recent empirical evidence documents that social skills are increasingly valued
in the labor market (Deming 2017; Weinberger 2014). The number and types of
friendships students have during adolescence can also bring long-term benefits to
individuals; five more friends during this period raises wages as much as an addi-
tional year of schooling (Lleras-Muney et al. 2020). The existing literature has yet
to provide causal evidence of the impact of socialization on social skills, alongside
the traditional academic peer effects that students could experience at schools.
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In this paper, I conduct a field experiment at selective boarding schools in Peru to
study the consequences of having more socially central peers and higher-achieving
peers on students’ social, academic, and college outcomes. I depart from the typ-
ical random peer studies by implementing a two-by-two experimental design that
manipulates two substantively interesting peer characteristics: (i) social centrality
and (ii) academic achievement. I manipulate these peer characteristics by con-
trolling the assignment to dorms in 25 boarding schools across all regions of Peru.
By classifying students into types and randomizing students to their neighbor type
in dormitories, the design guarantees both random and substantial variation in peers’
social centrality and academic achievement. This experimental design overcomes
concerns of weak variation that arise when estimating peer effects with random
allocation to groups (Angrist 2014).

The design considers two treatments and control arms: (i) more socially central
versus less socially central peers and (ii) higher-achieving versus lower-achieving
peers. To classify students as more or less socially central in the first treatment, I use
the social network’s eigenvector centrality' (henceforth, “centrality”). Centrality is
measured using a social network of students listing their friends, study partners,
and preferred roommates. Students with a centrality above (below) the median
are classified as more (less) socially central. For the second treatment, having
higher-achieving versus lower-achieving peers, I use the median score of the admis-
sions test for the boarding schools. I perform a stratified randomization of students
to the two treatments that determine student-peer-type combinations that vary the
proportion of each peer type. Students’ names are organized on a list based on these
combinations. The schools use the lists to allocate students to specific beds in the
dormitories, verifying that the neighbors’ type by social centrality and academic
achievement coincides with the randomly assigned treatments.

I estimate the impact of both treatments on students’ social and academic out-
comes. I consider three types of social outcomes:? (i) the total number of connec-
tions after the intervention, (ii) psychological tests that measure social skills (see
online Appendix D for details), and (iii) the number of peers who perceive the stu-
dent as a leader or as a popular, friendly, or shy person. To measure academic out-
comes, | use grades and standardized tests. To account for imperfect compliance
between the assignment to treatments and actual neighbors in the dormitories, I
exploit the experimental variation in a two-stage least-square (2SLS) model that
uses the treatment assignment as an instrument for neighbors’ characteristics.

The results show that peer effects vary by gender and skill. Being connected to
a socially central peer improves a boy’s social outcomes, as it affords them more
connections and a better network position. Such boys also gain higher scores on psy-
chological tests of social skills and are perceived by their peers to be more sociable. It
is mainly the impact on boys with a low baseline centrality that drives these positive
effects. The 2SLS model shows that a 1 standard deviation increase in a neighbor’s

! Centrality measures a student’s influence within his or her social network. High values indicate that a student
is connected to many other individuals who also have high values.

2These outcomes follow the definition in Glaeser et al. (2002) of social capital: an individual’s social skills and
an individual’s connections.
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centrality increases the number of connections by about 1.11 (p-value 0.028) for
all boys and by 2.17 for less-central boys ( p-value 0.002). These results are robust
to multiple checks, including randomization inference and multiple-hypotheses
testing.

The positive effects of socially central peers on social skills persist in later life.
Less-central boys drop out of the selective boarding schools less frequently and
enroll more often at better colleges after being assigned to more socially central
neighbors. By contrast, being connected to more-central peers does not affect girls’
social outcomes. It also does not affect the academic performance of boys or girls.

The results show more pronounced peer effects on social outcomes than on aca-
demic performance. While peer effects on social outcomes are visible, dominated by
gains in boys’ social skills, academic peer effects are, on average, zero. If anything,
neighboring a higher-achieving peer reduces the academic performance, especially
math scores for lower-achieving girls. The 2SLS estimates show that a 1 standard
deviation increase in a neighbor’s admission score reduces girls’ math scores by
0.0440 (p-value 0.178) and their reading scores by 0.1200 (p-value 0.006). For
lower-achieving girls, the estimates reveal an even stronger negative treatment effect
of 0.1160 (p-value 0.015) on math scores and 0.1360 (p-value 0.060) on reading
scores.

I exploit a rich survey and social network information to assess the mechanisms
driving the peer effects described above. In particular, I explore whether treatment
effects on self-confidence are consistent with the effects on social and academic
outcomes or whether the formation of friendships, as in Carrell, Sacerdote, and West
(2013), may drive the results in this paper.

The idea that peer interactions can affect self-confidence dates back to the “big
fish, little pond” effect (Marsh and Parker 1984). Recent evidence indicates that this
mechanism might differ by gender during high school, as adolescence is a period
when girls, but not boys, experience a dramatic decline in social confidence (Alan
et al. 2019). Social comparisons can also drive gender differences, as female stu-
dents tend to make more upward and fewer downward social comparisons than male
students (Pulford et al. 2018).

Consistent with this evidence, I find that boys are more confident than girls in
their social and academic abilities, even after controlling for observable measures
of social and academic skills. Peers also affect the self-confidence of boys and girls
differently. While socially central neighbors increase low-centrality boys’ confi-
dence in their social abilities, they have the opposite impact on girls. The estimates
show that girls’ self-reported popularity declines when they are exposed to socially
central peers. Gender differences in self-confidence in academic abilities are also
consistent with the main effects on grades and test scores.

Unlike self-confidence, I show that forming friendships or study groups in and
of itself is not enough for peers to influence students’ outcomes in this context.
Specifically, I test whether the students most affected by their peers are more likely
to form friendships or study groups with their neighbors. All students are equally
likely to befriend their neighbors regardless of gender, student, or peer characteris-
tics. Hence, this evidence suggests that peers may not influence their friends’ out-
comes even when social connections are formed.
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The paper has three main contributions to the literature. First, the experimen-
tal design generates systematic and random variation in peers’ characteristics,
overcoming weak variation concerns of random allocation to groups. Second, the
experimental design manipulates two significant peer characteristics: academic
achievement and social centrality. Third, I use rich administrative and survey
data to assess peer influences on various measures of cognitive and noncognitive
skills.

The paper contributes to understanding how research designs affect peer-effects
estimates (Sacerdote 2014). Designs in the literature that guarantee substantial
variation in peer achievement generally find little evidence of academic peer
effects. Most studies find small positive peer effects when schools randomly allo-
cate students to small groups, such as small dorms (Epple and Romano 2011;
Sacerdote 2001), and sizable effects when schools randomly allocate students
to large groups, such as classrooms (Duflo et al. 2011; Carrell, Fullerton, and
West 2009; Garlick 2018). However, larger groups in random assignment designs
are usually prone to weak-variation problems by construction. This paper does
not rely on random assignments to groups. While I conduct an experiment, my
results are aligned with quasi-experimental research studies. Like this paper,
quasi-experimental studies do not exploit variation across randomly formed groups
and find little academic gains from higher-achieving peers (Abdulkadiro”glu et al.
2014; Duflo et al. 2011).

The paper also contributes to understanding how social skills are formed. Most
existing evidence has focused on peer effects on test scores, but the results in
this study suggest that peer effects on social skills can be stronger. I show that
socially central peers can improve students’ social skills in high school, and these
findings indicate that social skills are malleable during adolescence. While a sub-
stantial body of evidence documents the positive and increasing returns to social
skills in the labor market (Deming 2017), less is known about the formation of
those skills. My findings extend the evidence on early childhood (Falk et al. 2018)
and primary schools (Rao 2019; Alan et al. 2021), which has mainly focused on
prosociality.

Finally, the paper contributes to understanding possible mechanisms driving peer
effects. The findings in this paper are consistent with literature showing that students
affect their peers’ self-confidence (Marsh and Parker 1984) and that self-confidence
affects performance (Compte and Postlewaite 2004). This study shows how stu-
dents’ beliefs in their abilities are shaped differently for boys and girls by peer inter-
actions. It adds to the broader evidence, mainly from laboratory studies, on gender
differences in belief formation (Mobius et al. 2014; Bordalo et al. 2019; Coffman
and Kulkarni 2020).

The rest of the paper is organized as follows. Section I explains the
experimental design. Section II describes the research context and the imple-
mentation of the experiment. Section III shows the balance of the exper-
iment and the first stage. Section IV describes the main outcomes and
outlines the empirical strategy. Section V documents the results on skill
formation. Section VI discusses the evidence on mechanisms. Section VII
concludes.
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I. Experimental Design

In this section, I explain my experimental design and provide a step-by-step guide
for its implementation. In the following section (Section II), I describe the setting
and the application of the design at selective boarding schools in Peru.

I use an experimental approach to estimate peer effects. This experimental
design accounts for recent concerns in the peer effects literature of weak variation
(Angrist 2014; Booij et al. 2017). In a typical random group assignment (espe-
cially to large groups), the composition of all groups will be approximately the
same by construction. Given these average similarities across the groups, there
will be weak variation in peer characteristics. Therefore, peer effects estimates
can be unreliable and exposed to bias.” To bypass this obstacle, I introduce an
alternative research design. The experimental design aims to generate strong and
random variation in peer characteristics in the allocation to dormitories. As dor-
mitories can vary in size and structure across the 25 selective boarding schools in
the sample, the experimental design must also be adaptable to different dorms of
various sizes.

Rather than estimating peer effects directly after building random groups of stu-
dents and placing them in different dormitories, I randomly assign students to peers
categorized by the median in the distribution of the peer attributes of interest. More
precisely, I classify peers into two treatments based on where they stand relative
to the median of two relevant peer attributes: (i) more socially central versus less
socially central peers and (ii) higher-achieving versus lower-achieving peers. These
treatments can be globally defined as peer types. There would only be two peer
types in this paper: those with a score above the median are the high types, and
those with a score below the median are the low types. I control students’ random
exposure to different peer types by systematically (but randomly) manipulating the
assignment of dorm peers in boarding schools. The student’s assignment to each
treatment (peer type) serves as an instrumental variable for the average peer charac-
teristics in a peer group.

This experimental design can be fully executed by following four steps that guar-
antee random and systematic variation in peer attributes and help identify causal
peer effects:

(1) First, the researcher classifies students into peer types determined by the
quantiles in the distribution of the peer attribute of interest. In the simplest
case, the classification is determined by the median, with only two peer

types.”

3 Angrist (2014) formulates the weak variation concern, linking it to a weak instrument problem. However,
Angrist (2014) does not formally show the direction of the bias. Online Appendix B illustrates why peer effects
estimates relying on random groups can be overestimated. This online Appendix also reviews the studies using
random allocation to groups that show that peer effects estimates increase with group size.

“4Since there is a trade-off between the number of treatments arms and statistical power, I implement the sim-
plest design with just two types of peers using the median.
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(2) Inthe second step, conditional on a student’s type, each student is assigned to
a peer type—in my case, either to a high-type peer treatment (matched with
high-type students) or to the control group (matched with low-type students).
Treatment arms are equivalent to assigning students to combinations of a stu-
dent’s and a peer type. These combinations guarantee the treatment’s predic-
tive power on peer attributes (a strong first stage) as they vary the proportion
of each type: 0 percent, 50 percent, or 100 percent.

(3) Third, student names are organized on a list that will guide students’ alloca-
tion to groups—in my case, to dormitories of different sizes. Lists are deter-
mined by combinations of student-peer types and are adaptable to dorms of
various sizes.

(4) Fourth, rather than estimating peer effects directly, the treatment assignment
serves as an instrumental variable for average peer characteristics. A 2SLS
approach safeguards this design from imperfect compliance and the exclu-
sion bias.

The identification of peer effects relies on the variation across treatment arms
rather than the variation of peer characteristics across the groups (dorms in my set-
ting). This feature eliminates the possibility of measurement error and other factors
that Angrist (2014) points out as potential confounders of social influences.

This design is also not subject to the exclusion bias described by Caeyers and
Fafchamps (2016) and Guryan et al. (2009). The exclusion bias may arise when the
assignment of peers is done without replacement: a student cannot be her own peer.
In this paper, however, the identification stems entirely from variation across treat-
ment and control groups. After conditioning on type, all students are equally likely
to receive the high-type-peer treatment. Hence, the treatment is uncorrelated to indi-
vidual characteristics, circumventing exclusion bias concerns. In online Appendix
C, I introduce an example with 12 students to illustrate why my design guarantees
strong variation and is not subject to exclusion bias.

A. Student-Peer-Type Combinations

Following steps (1) and (2) above, the treatment assignment produces student-peer
type combinations. In the simplest case, with two types of students, I assign high-
and low-type students to high- and low-type peers. If we look at a student and any
of her peers in my research design, there would only be three combinations of a
student’s own type and the peer type:

* Combination A: composed of high-type students assigned to high-type peers.

* Combination B: a mixed combination where half of the members are high-type
students assigned to low-type peers and the other half are low-type students
assigned to high-type peers.

e Combination C: composed of low-type students assigned to low-type
peers.
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are a function of a student’s type and her assigned peer type:

Proportion low = 50%

Peer type
High Low

Combination A Combination B
g High Proportion high = 100% | Proportion high = 50%
? Proportion low = 0% Proportion low = 50%
=
'§ Combination B Combination C
& | Low | Proportion high = 50% Proportion high = 0%

Proportion low = 100%
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Each row in this matrix represents a type of student, and each column is the
assigned peer type. The diagonal of the matrix shows all combinations composed of
a single student type. Off-diagonal elements of this matrix are symmetrical, as stu-
dents are matched to peers of the opposite type in Combination B.> The size of each
of these combinations is determined by the sample size of randomization strata. For
example, if the total sample is 30 students, 15 students are high type, 15 are low
type, and each of these combinations would have 10 students. Combination A would
have ten high-type students; Combination B, five high- and five low-type students;
and Combination C, ten low-type students.

While the entire sample is used to estimate peer effects, the treatment predicts
variation in peer characteristics coming from only half of the peers. The difference
in the proportion of high-type peers for a high-type student (the matrix’s top row,
Combination A versus B) is equal to 0.5.5 Likewise, the difference in the proportion
of high-type peers for a low-type student (the matrix’s bottom row, Combination
B versus C) also amounts to 0.5. For both high- and low-type students, half of the
peers (the 50 percent point difference) drive changes in average peer characteristics
across treatment and control groups.

B. Allocation to Groups

Expanding on step (3), the experimental design is flexible enough to adapt to
groups of various sizes. Participants’ names are sorted on a list based on their
student-peer-type combination, and schools use the list to assign students to specific
groups—in my case, dorms or beds in large dormitories. Under this design, the
position on the list predicts the final assignment to groups as well as the physical
distance between two students in a dorm. For example, students whose names are
adjacent on the list are more likely to be roommates or in neighboring beds.

Each student’s position on the list is random and determined by the assignment
to the treatment as follows. First, student-peer-type combinations are randomly
ordered on the list. Second, the students’ order in the list is also randomized with
one condition: that the list alternates the two student types in the mixed combination

3 Notice that for all three combinations to have the same size, two-thirds of students are assigned to peers of their
same type, and one-third to the mixed combination.
STf we focus on the leave-out proportion, this difference would be higher the smaller the groups.
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(Combination B). This rotation guarantees that the closest neighbors’ type on the
list coincides with the student’s treatment arm. For example, for a student assigned
to the high-type peers, the two adjacent names on the list (the one before and the one
after) would be of the high type.

Let’s consider an example with 12 students (6 low and 6 high types) who get
assigned to either the treatment (high-type peers) or the control (low-type peers).
First, the student-peer-type combinations are randomly ordered on the list, and one
of six potential orders is selected./ In this example, I assume that the selected ran-
dom order is A-C-B. Within each combination, students are randomly ordered while
adhering to the condition that students in the mixed group alternate. The following
list illustrates this example, with the letters H and L representing the student’s type
and the blue font identifying students assigned to the treatment (high-type peers).

H—-H-H-H-L-L—-L-L-H—-L—-H-—L.
Group A Group C Group B

This illustrative list represents how the experimental design is adaptable in allo-
cating students to dorms of various sizes. For example, if students were assigned to
six dorms of two students each, the assignment would look as follows:

H-H-H-H-L-L-L-L-H-L—-H—-1L.
Dorm 1 Dorm 2 Dorm 3 Dorm 4 Dorm 5 Dorm 6

Each student ends up with exactly one roommate whose type always corresponds
to the assigned treatment arm. The list is also flexible for larger dorms. For example,
if dormitories carried four students, the dorms’ composition would perfectly align
with student-peer-type combinations:

H-H-H-H-L-L-L—-L—-—H—-L—-H-—1L.
Dorm 1 Dorm 2 Dorm 3

Noncompliance can nonetheless occur in dormitories of sizes that do not fully
conform to student-peer-type combinations. For example, consider dorms with three
students. The allocation would be as follows:

H—-H-H-H-L-L-L—-L—H-L—-—H-—L.
Dorm 1 Dorm 2 Dorm 3 Dorm 4

There is noncompliance between the treatment and the neighbor’s type for some
students. For example, the last student in Combination A ends up with low-type
roommates despite being assigned to the high-type-peers treatment. While this non-
compliance produced by the dorm size would weaken the first stage, the allocation

7 The six potential orders are (i) A-B-C, (i) A-C-B, (iii) B-A-C, (iv) B-C-A, (v) C-A-B, and (vi) C-B-A.
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for most students would still guarantee that the assignment to the treatment can be
used as an instrument for peer characteristics in the dorm.

C. 2SLS Framework

Finally, following step (4) of my experimental design, I use the treatment as
an instrument for average peer characteristics. To explain my approach, consider a
traditional peer effects model describing how peer characteristic x affects students’
outcomes:

(1) yig = Oé+7T()Xl'g+W])?(i)g+7rzxig+5ig,

where yj, is the outcome for individual i when assigned to group g, x;, is a prespecified
exogenous characteristic of i in group g, and X(i)g is the leave-out mean of the exog-
enous characteristic x among students in group g. The parameter 7, is the causal
effect of a change in the leave-out group average of x on students’ outcomes.

Consider a researcher interested in estimating parameter 7, in equation (1). The
treatment (high-type peers) can be used as an instrument for average group compo-
sition. In particular, being assigned to high-type peers predicts average peer char-
acteristics in a student’s group. The following equation shows the first stage of this
model:

(2) X(iyg = Mo+ Ahig + pyxig + YHig + v

Here, h;, takes the value of 1 when student i in group g is assigned to the high-type
peer treatment and O otherwise. The parameter of interest of this first stage is A,
which captures the impact of the treatment on leave-out peer characteristics X(i).g-
The model includes student-type fixed effects (H,, indicates whether the student is
a high type) as the randomization is performed conditional on student’s type. In my
design, high-type students are twice as likely as low-type students to receive the
treatment. Using student-type fixed effects allows the propensity to receive the treat-
ment to vary across student types. The model also controls for individual attribute x;,
at baseline, and v, is an error term.

Booij et al. (2017) also use a design that varies the proportion of high-, mid-
dle-, and low-GPA peers in tutorial groups for undergraduate students in econom-
ics. My design importantly differs from theirs in three main aspects. First, my
student allocation to groups goes one step further (step 3). After randomly craft-
ing student-peer-type combinations that vary the proportion of each peer type, I
use lists to place these combinations into groups (or dorms) of various sizes and
configurations, making my design adaptable to diverse settings. Second, I use an
experimental approach with a binary treatment. While Booij et al. (2017) exploit
the direct variation in peers’ GPA mean and variance across their tutorial groups,
my identification strategy relies on the variation across treatment arms. This fea-
ture prevents empirical concerns in my design, such as the exclusion bias. Third,
as described in Section IIC, I use my experimental design to analyze peer attributes
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beyond academic abilities and study peer effects for another substantively interest-
ing peer attribute: social centrality.

II. Setting and Implementation
A. Exam Schools in Peru

The Peruvian government runs a network of exam schools—called Colegios de
Alto Rendimiento, or the COAR Network—to provide high-quality education to the
most talented low-income students during the last three years of secondary school.
The first exam school opened near Lima in 2010. As of 2017, there is a COAR
school in all 25 regions of Peru. COAR schools are boarding schools where students
stay for the entire academic year and get placed in dormitories with peers. Students
can visit their families on weekends, as long as a family member can pick them up
from school. Because many students come from a different region than the school’s
region, they stay at school on weekends, increasing their odds of peer interactions.
These added interactions in boarding schools relative to day schools and the high
presence of COAR schools across all regions of Peru make this an incredibly conve-
nient context to study peer effects.

The COAR Network comprises 25 schools and enrolls approximately 3,000
students every year. It is also one of the largest programs in the national bud-
get for education. Every school serves 100 students per cohort, except for
the school in Lima, which serves 300 students per cohort. Students typi-
cally range from ages 14-15 at school entry to 17-18 at graduation. The
schools operate Monday through Friday from approximately 7:30 AM to
3:45 pM and Saturday from 7:30 AM to 12:45 pMm. Outside of school hours, students
can study, play with their classmates, and do homework in their dormitories. Before
the experiment, school directors implemented their own system for allocating stu-
dents to classrooms and dormitories.

The COAR Network meets the standards of elite Latin American private high
schools, where students have access to all the required inputs for high-quality edu-
cation. COAR schools are deliberately located close to each region’s capital city to
reduce transportation costs for both families and the government. Upon admission,
students receive school materials, uniforms, and a laptop for school use. All schools
have a high-quality infrastructure, including a library and excellent scientific labo-
ratories. Students can optionally pursue an International Baccalaureate (IB) degree.
Teachers are hired from outside the public school system and receive higher salaries.
The government covers all the necessary operating expenses, including laundry ser-
vice and food.

Applicants are eligible for admission to COAR if they ranked in the top ten of
their public school cohort in the previous academic year. The admissions process con-
sists of two rounds. In the first round, applicants take a written test assessing reading
comprehension and math skills. The highest-scoring applicants move on to a second
round. In this second round, psychologists rate candidates based on two activities:
a one-on-one interview, and applicants’ observed peer interactions as they complete
a set of tasks. I will refer to these as the admissions interview and the social fitness
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Intervention
1st network survey Test scores

Baseline survey Personality traits Grades

:

2016:12 2017:1 2017:2 2017:3 2017:4 2017:5 2017:7 2017:6 2017:8 2017:9 2017:10 2017:11 2017:12

Non-cognitive skills survey 2nd network survey

FIGURE 1. TIMELINE OF THE PROJECT

Notes: This figure presents the timeline of the project. The purple circles represent data collection with surveys, the
blue circles the collection of administrative data through the Ministry of Education, and the red circle the imple-
mentation of the intervention.

scores, respectively. Admissions decisions are determined by a composite score of all
three tests, the region of origin, and the applicants’ school preferences.

The analysis sample includes all students enrolled in the COAR Network in 2017.
This sample encompasses three cohorts from the 2015 to the 2017 admission cycles.
Figure 1 presents the timeline for the project.

B. Data

This study uses both administrative and survey data to implement the experi-
mental design described in Section I. Administrative data include the admissions
scores listed in the previous subsection: (i) the written test assessing math and read-
ing comprehension, (ii) the admissions interview, and (iii) the social fitness score
determined by a team of psychologists after the student interacts with other appli-
cants (MINEDU 2017a). I also use administrative data from government databases:
sociodemographic data characterizing the population of students (available for 85
percent of the sample) (MINEDU 2017b). The latter helps to describe whether a stu-
dent comes from a household classified as poor or from a rural area. Other adminis-
trative data include scores from a preenrollment nationwide standardized test, which
is available for the 2016-2017 student cohorts (MINEDU 2016).

Column 1 of [Table 1 reports descriptive statistics for students in the COAR
Network. While these schools target students in the public school system who are
usually from low-income households, COAR students have diverse socioeconomic
backgrounds. For example, 41 percent of students come from poor households and
59 percent from nonpoor households. Similarly, 26 percent of students come from
rural Peru, and around 50 percent receive subsidized health insurance. On academic
achievement, students enrolled at the COAR Network have higher test scores (1.81
standard deviations, on average) than the average student in the country.®

8 This fact stems from a nationwide test that students take before enrolling at the COAR Network. The Ministry of
Education began to collect these data in 2015. Therefore, these scores are not available for the 2015 cohort.
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TABLE 1—SUMMARY STATISTICS

By social centrality By academic achievement
All students  Less central More central ~ Lower-achieving Higher-achieving
Variable (1) (2) (3) (4) (5)
Demographics
Female (percent) 0.57 0.59 0.60 0.57 0.57
Poor (percent) 0.41 0.47 0.39 0.46 0.36
Rural (percent) 0.26 0.30 0.22 0.31 0.22
Subsidized health insurance 0.50 0.55 0.46 0.53 0.47
Baseline characteristics
National standardized score® 1.81 1.37 1.68 1.47 2.15
(0.95) (0.98) (0.95) (0.84) (0.92)
Connections 14.69 12.00 15.27 14.49 14.89
(6.49) (5.28) (5.76) (6.46) (6.51)
Social skills index —0.00 —0.10 0.10 —0.03 0.03
(1.00) (1.00) (0.98) (0.99) (1.00)
Peers’ perception 0.00 —0.28 0.28 —0.11 0.11
(1.00) (0.65) (1.19) (0.87) (1.10)
Treatments
Social centrality —0.00 —0.75 0.75 —0.05 0.05
(0.99) (0.40) (0.83) (0.97) (1.01)
Academic achievement 0.00 —0.08 0.08 —0.78 0.78
(0.99) (0.96) (1.02) (0.47) (0.71)
Observations 6,147 1,832 1,822 3,069 3,078

Notes: This table reports summary statistics for all students and by student type. Standard deviations are in paren-
theses. Column 1 shows statistics for all students, columns 2-3 by social centrality, and columns 4-5 by academic
achievement. Columns 2-3 exclude the 2017 cohort because there is no available measure of centrality.
#Scores in the national standardized test before the application to the COAR Network are not available for the
2015 cohort, as this was the first year of this test. The table includes a set of students’ demographic character-
istics from government administrative data.

The Ministry of Education also collects administrative data on psychological
tests (MINEDU 2017¢). Some of these tests incorporate measures of social skills,
including emotional intelligence (Law et al. 2004) and the score in the Reading
the Mind in the Eyes test (Declerck and Bogaert 2008). The latter measure is not
self-reported, as the test is a multiple-choice questionnaire with objectively correct
answers. It also predicts teamwork abilities at both the group (Woolley et al. 2010)
and individual levels (Weidmann and Deming 2021). Online Appendix D describes
these tests in detail. Using principal component analysis on these tests, I build a
baseline social skills index.

We also ran surveys to characterize students’ social interactions (MINEDU and
Zarate 2017). In December 2016, we administered an online survey measuring
social interactions and noncognitive skills. The survey was computer-based and
conducted during class hours, ensuring a high participation rate of over 95 percent
in every school. Teams of psychologists in each school proctored the survey. This
survey asked students to list the names of their peers in four distinct categories of
social interactions: (i) preferred roommates, (ii) friends, (iii) study partners, and
(iv) people with whom they play sports or games. These survey questions consisted
of a drop-down list of all students in the school cohort, and there were no restrictions
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on the number of peers students could list. Column 1 in Table 1 shows that, on
average, students have 14.7 connections with a standard deviation of 6.49. As these
data were collected in 2016, social centrality and network statistics at baseline are
unavailable for the 2017 cohort.

Additionally, the same survey included questions assessing students’ perceptions
of their peers. Students were asked to rank up to five peers along the dimensions of
leadership, friendliness, popularity, and shyness. On average, students were ranked
by two to three peers in each social category. Like I did with the social skills index, I
again applied principal component analysis to these four questions to build a peers’
perception index.

C. Peer Attributes: Social Centrality and Academic Achievement

Using the described data and implementing the first step of this paper’s exper-
imental design described in Section I, I classify students by social centrality and
academic achievement at baseline. To classify students as more or less central, I
rely on the baseline network survey described in Section IIB. I use the centrality
of an aggregate undirected social network that groups the four categories of social
interactions listed above.” To characterize students as lower or higher achieving, I
use their scores in the admission test to the COAR Network that assess their math
and reading comprehension skills.

As the classification is done for two positively correlated attributes (see online
Appendix Figure A.1), the procedure needs to account for this correlation. To do
this, I first perform the classification for one of the two attributes (social centrality
or academic achievement) using the school-by-grade-by-gender cell median. Then,
for the second attribute, the classification is cell- and first-attribute-types specific.
The order of the two attributes, social centrality and academic achievement, is ran-
domized across the cells.

Columns 2-3 of Table 1 present descriptive statistics by social centrality type.
More socially central students are less likely to come from poor or rural households.
They are also less likely to have subsidized health insurance. As expected, there is
also a large gap in measures of social skills between the two groups. More socially
central students have more connections and a higher social skills index score and
are perceived to be more social by their peers than less socially central students are.

Table 1, columns 4-5 report summary statistics by students’ academic type.
Importantly, in a national standardized test before the application, higher-achieving

9 Online Appendix Table A.1 reports standardized coefficients of an OLS regression of social skills measures on
the three admissions scores and centrality, controlling for school-by-grade-by-gender fixed effects. Centrality has a
stronger correlation than admissions test scores do. These results confirm that individuals assessed as very central
in the schools’ social networks at baseline also have highly developed social skills.

10For example, when the first attribute is social centrality, students with a centrality above the cell-specific
median are classified as more central, and those below the cell-specific median as less socially central. The median
for academic achievement, the second attribute, is now cell- and social centrality-type specific. The reference median
for a student is calculated among those that share their gender, school, grade, and social centrality type (either less
or more central). Students with a score above this median are classified as higher achieving and those with a score
below as lower achieving. This procedure guarantees that the proportions of each type in student-peer-type combi-
nations in Figure 2 are 0 percent, 50 percent, or 100 percent.
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students scored 0.68¢ higher than lower-achieving students did.'" This shows that
even though COAR schools target very talented students, students’ achievement still
varies widely within them.

D. Randomization

To estimate the impact of peers’ social centrality and academic achievement on
students’ outcomes, I follow the second step of the experimental design described in
Section I with two treatments: (i) more socially central peers and (ii) higher-achieving
peers. The randomization is analogous to the general case using one peer attribute.
However, in this case, I study two peer attributes that yield four types of students:
(i) less socially central and lower achieving, (ii) less socially central and higher
achieving, (iii) more socially central and lower achieving, and (iv) more socially
central and higher achieving.

This design has two treatments—more socially central peers and higher-achieving
peers—and the interaction between them. With four student types, there are ten
student-peer-type combinations. Figure 2 exhibits these ten possible combinations.
Each row represents the student type, each column the peer type by peer attribute,
and each cell the student-peer-type combination.'? Each combination takes a differ-
ent cell color in the symmetrical matrix of Figure 2.

I run the randomization by stratifying at the school-by-grade-by-gender level and
by the student’s type. The first stratification (school-by-grade-by-gender) is per-
formed since the allocation to dormitories is specific to these strata. The second
stratification (student type) is necessary as students were assigned to student—peer-
type combinations conditional on their type, as described in Section IA. The average
number of students in each combination depends on the total enrollment by gender
at each school grade. On average, 65 students of each gender are in each school peer
cohort. Hence, the average size for each combination is 6.5 students.

E. Assigning Students to Dormitories

After randomizing students to student-peer-type combinations, I follow the third
step of the design and use these combinations to allocate students to COAR school
dormitories. The structure of dormitories varies across the schools. For example,
while the school in Lima has dormitories of three to five students, the one in Cusco
has four dormitories, with approximately 75 students per dormitory. Figure 3 shows
a picture of school dormitories in Lima, Piura, and Cusco illustrating this variation.

To make the treatment assignment consistent with the various school dorms, I
sorted students’ names on a list based on the ten student-peer-type combinations
described in Figure 2. The list was used to allocate students to dorms of small size
or to specific beds in large dormitories. Each student’s position on the list was

"' These data were not available at the time of the experiment. This test is also not available for the 2015 cohort.
I defined the academic treatment using the admission test score for these reasons.

12 Combination 1, for example, only includes more socially central and higher-achieving students. Combination
3 comprises (i) less socially central and higher-achieving students and (ii) more socially central and lower-achieving
students.
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FIGURE 2. STUDENT-PEER-TYPE COMBINATIONS IN THE EXPERIMENTAL DESIGN

Notes: This figure shows the ten student-peer-type combinations in my experimental design. It represents all possi-
ble combinations between student type and peer types. Rows represent student types, and columns show the types
of peers to which they were randomly assigned. The diagonal of the matrix is composed of groups of a single type.
The matrix is symmetric since students are matched with peers of the assigned type.

School in Lima School in Piura School in Cusco

FIGURE 3. DORM STRUCTURE

Notes: This figure displays pictures of the dorms for Lima, Piura, and Cusco schools. It illustrates the vast hetero-
geneity in the type of dorms across the schools.

determined by randomly ordering student-peer-type combinations and, within each
combination, randomly ordering students (subject to alternating between the two
student types in mixed combinations). This last condition guarantees that adja-
cent neighbors on the list are always of the type of the assigned treatment, as in
Section IB.

Most schools (23 out of 25) in the COAR Network used the lists to allocate stu-
dents to dormitories. There were coordination problems with the other two schools.
School administrators generally followed the design protocol, but exceptionally,
compliance between the order of students on the list and the actual assignment to
dormitories was imperfect.

Finally, first-year students’ (the 2017 cohort) and newly enrolled students’ (the
2015-2016 cohorts) assignments to dorms occurred differently in two aspects.
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First, as pointed out before, the social centrality measure at baseline is unavailable
for the 2017 cohort, as they had not enrolled at the schools when the survey
at baseline was collected. However, this did not prevent students from getting
assigned to the higher-achieving-peers treatment. Second, some schools used the
list to allocate first-year students to dorms and classrooms. I, therefore, include
a classroom-gender fixed effect in the estimations to maximize statistical power
for the higher-achieving peers and avoid confounding roommates and classmates’
peer effects.'? Hence, estimates only consider peer variation originating from
neighbors in dormitories.

School administrators generally followed the design protocol, but exceptionally,
compliance between students’ order on the list and the actual assignment to dormi-
tories was imperfect. Imperfect compliance especially happened when dorm struc-
tures and sizes did not conform to the size of the ten student-peer-type combinations
in Figure 2. But also, occasionally, school administrators decided not to follow the
list and changed students’ dorm assignments on health- or behavior-related grounds.
In gauging the extent of noncompliance issues, I examine whether the distance on
the list predicts the likelihood of being actual neighbors in dormitories. I define
neighbors in dormitories as roommates for small dormitories (fewer than five stu-
dents). For larger dormitories (more than five students), neighbors are students in
either the same or the adjacent bunk bed. I estimate the following equation to test
how the distance on the list affects the likelihood of being neighbors:

9
(3) Yi = Y+ I;Wkl{dij = k} + Vi

where y;; is a dummy variable equal to 1 when students i and j are neighbors, and
l{d,»j = k} are dummy variables indicating a distance of k between students i and
Jj on the list. The equation includes nine dummy variables, each representing a dis-
tance of 1-9 on the list. A distance of 1 between students i and j implies that the
name of student j is either below or above the name of student i on the list.

Panel A of Figure 4 shows that the distance between students on the list predicts
whether students are neighbors in the dormitories. The plots show the estimates of
v, with the respective 95 percent confidence intervals. A distance of 1 on the list
increases the likelihood of being neighbors by 72 percentage points (p.p.) ( p-value
0.000). A distance of 2 or 3 is also large and statistically significant, with an increase
of 65 p.p. (p-value 0.000) and 48 p.p. (p-value 0.000), respectively. Overall, panel
A of Figure 4 shows a monotonically decreasing effect of the distance on the list
and the likelihood of being neighbors. All estimates are weaker from a distance of 4
upward, with a precise 0 at a distance of 6.

13By including this fixed effect, the results stem from the comparison between two students in the same class-
room assigned to different types of neighbors in the dormitories.
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FIGURE 4. EFFECTS OF PROXIMITY ON THE LIST ON NEIGHBORS AND SOCIAL INTERACTIONS

Notes: This figure shows the impact of distance between a pair of students on the likelihood of being neighbors and
social interaction (friends, study, and playing games or sports). Nine distance dummies capture the effect of dis-
tance on the list. Students are at an odd distance from peers that provide the treatment and at an even distance from
peers of their same type. The figure also displays 95 percent confidence intervals for each of these dummy variables.
All estimations control for strata fixed effects. Standard errors are clustered at the school-by-cohort level.

III. Balance and First Stage
A. Balance

First, I show that both treatments are uncorrelated with students’ characteristics
at baseline by estimating the following equation:

(4) Yi = a+)‘ssi+)‘aai+ Z’YTtiT—f_ViT’
T€T
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where s; and @; are dummy variables indicating whether individual 7 is assigned to
the more-central-peers treatment and the higher-achieving peers’ treatment, respec-
tively. I control for student-type fixed effects as the propensity of receiving the treat-
ment varies by student type; 7 is the set of students’ types by social centrality and
academic achievement at baseline, and ¢;. are dummy variables equal to 1 when
student i is of type 7. The parameters of interest are A, and }),, the correlations of
more-central and higher-achieving peers with characteristic y; at baseline. As the
randomization is stratified by school x grade x gender x student type, I also con-
trol for these strata.

Tables 2 and B report equation (4) estimates on social and academic variables
at baseline for all students, boys, and girls. Furthermore, Table 2 also reports bal-
ance tests by social centrality subgroups, and Table 3 by academic achievement
subgroups. As expected from a randomized controlled trial (RCT), I do not reject a
zero correlation of the treatments with baseline characteristics. Furthermore, online
Appendix Tables A.2 and A.3 show balance tests on all other variables available at
baseline. These tables include F-statistics for multivariate regressions, displaying
balance for both treatments across all student subgroups.

B. First Stage

Next, I explore the impact of both treatments on the number of assigned peers
of each type and their average characteristics. First, I estimate equation (4) on
the number of more-central and higher-achieving assigned peers. Table 4, col-
umns 1 and 2 indicate that each treatment changes the number of more-central and
higher-achieving peers assigned to each group. As a general rule, being assigned to
more-central peers increases the number of more-central peers in a student’s group
by three, and the same holds for higher-achieving peers.

I also estimate how both treatments impact average peer characteristics; this con-
stitutes the first stage, depicted in equations (5a) and (5b):

(Sa) Epi = Hs + 5ssi + ¢sa; + Zps,rtir+ €is
T€T

<5b) api = ea + 5asi =+ ¢aai + era,Ttl'T + Vi
TE

where d; and d, are the effects of the more-central-peers treatment on the average
social centrality and academic achievement of peers of individual i, respectively.
Likewise, ¢, and ¢, represent the effects of the higher-achieving-peers treatment on
the same variables.

Table 4, columns 3 and 4 capture the treatments’ effect on the average charac-
teristics of the assigned peers. The more-central-peers treatment increases the aver-
age social centrality of the assigned peers by 0.89 standard deviations. Similarly,
the higher-achieving-peers treatment raises the average academic achievement
of the assigned peers by 0.94 standard deviations. Results also reveal that social
centrality and academic achievement are positively correlated at baseline. The
higher-achieving-peers treatment positively impacts peers’ average social centrality,
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TABLE 2—BALANCE ON SOCIAL SKILLS AT BASELINE

Dependent variable: Social skills index

All students Boys Girls
(1) 2 ©)

Panel A. All students

More central 0.000 —0.040 0.028
(0.030) (0.046) (0.040)
Higher achieving —0.019 —0.068 0.015
(0.030) (0.046) (0.040)
Control mean —0.18 —0.26 —0.12
Observations 3,654 1,490 2,164
Panel B. Less-central students at baseline
More central 0.031 —0.045 0.084
(0.033) (0.052) (0.042)
Higher achieving 0.017 —0.022 0.044
(0.033) (0.052) (0.043)
Control mean —0.76 —0.81 —0.73
Observations 1,832 753 1,079
Panel C. More-central students at baseline
More central —0.031 —0.036 —0.028
(0.051) (0.076) (0.068)
Higher achieving —0.055 —-0.114 —-0.016
(0.050) (0.076) (0.067)
Control mean 0.71 0.59 0.79
Observations 1,822 737 1,085

Notes: This table reports balance checks of being assigned to more-central and higher-achieving
peers on social skills for all students and subgroups by social centrality atbaseline. All regressions
include strata fixed effects. For the 2017 cohort, all regressions include gender-by-classroom
fixed effects. Standard errors are clustered at the peer-group-type-by-student-type level.

and the more-central-peers treatment raises peers’ average academic achievement.
This indirect influence is small compared with the direct impact on peer character-
istics emerging from each treatment.

I also estimate equations (5a) and (5b) on actual neighbors’ characteristics rather
than on the peers in the student-peer-type combinations. As discussed in Section IIE,
noncompliance between the list and the actual assignment to dormitories could
affect the predictive power of the treatments on neighbors’ characteristics. The
data elucidate that the treatments predict the neighbors’ characteristics, confirming
that schools followed the list implementation procedures described in the previous
section.

Table 4, columns 5 to 8 show the effect of each treatment on students’ neigh-
bors in the dormitories. Columns 5 and 6 gather estimates from equation (4) on
more-central and higher-achieving neighbors. Overall, both treatments increase the
number of neighbors of their respective types by about 1.6. Columns 7 and 8 show
the effect on the average characteristics of neighbors. Being assigned to more-cen-
tral peers increases the average social centrality of neighbors by 0.54 standard
deviations. Similarly, the higher-achieving-peers treatment increases the average
academic achievement of neighbors by 0.57 standard deviations. As expected, these
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TABLE 3—BALANCE ON ACADEMIC PERFORMANCE AT BASELINE

Dependent variable: Math score Reading score

All students  Boys Girls All students  Boys Girls
(1) 2) (3) (4) (5) (6)

Panel A. All students

More central 0.027 0.000 0.046 —0.001 0.011 —0.009
(0.023) (0.037) (0.029) (0.021) (0.032) (0.028)
Higher achieving 0.006 0.013 0.001 —0.013 -0.014 —0.013
(0.019) (0.030) (0.024) (0.018) (0.027) (0.025)
Control mean —0.10 0.01 —0.20 —0.06 —0.15 0.01
Observations 6,031 2,614 3,417 6,029 2,613 3,416
Panel B. Lower-achieving students at baseline
More central 0.048 0.004 0.079 0.038 0.042 0.036
(0.032) (0.052) (0.041) (0.031) (0.047) (0.042)
Higher achieving -0.016 0.002 —0.028 —0.017 0.025 —0.046
(0.032) (0.052) (0.041) (0.031) (0.046) (0.042)
Control mean —0.24 —0.04 —0.39 —0.20 —0.25 —0.16
Observations 1,830 753 1,077 1,829 752 1,077
Panel C. Higher-achieving students at baseline
More central 0.007 —0.004 0.014 —0.040 —0.020 —0.053
(0.031) (0.051) (0.039) (0.028) (0.042) (0.037)
Higher achieving —0.004 0.002 —0.007 —0.043 —0.076 —0.022
(0.031) (0.052) (0.039) (0.029) (0.045) (0.038)
Control mean 0.10 0.25 0.00 0.17 0.14 0.19
Observations 1,821 736 1,085 1,820 736 1,084

Notes: This table reports balance checks of being assigned to more-central and higher-achieving peers on academic
performance for all students and subgroups by academic achievement at baseline. All regressions include strata
fixed effects. For the 2017 cohort, all regressions include gender-by-classroom fixed effects. Standard errors are
clustered at the peer-group-type-by-student-type level.

effects are smaller for the noncompliance reasons mentioned above than for those
reported in columns 1 to 4 of Table 3 based on assigned peers. However, they are
still very strong and highly significant, supporting the notion of a strong first stage.

IV. Outcomes and Empirical Strategy
A. Outcomes

Outcomes are grouped into two categories, mapping directly with this paper’s
main results in Section V: social and academic outcomes. Social outcomes encom-
pass network degree and centrality, self-reported psychological instruments, and
peers’ perceptions of students. Academic outcomes include school grades and test
scores collected by the Ministry of Education. I also examine data on longer-term
outcomes, including dropouts from the COAR Network and college enrollment.

Social Skills Outcomes.—Finding reliable measures of social skills is a big
challenge. The first outcomes are social networks’ statistics after the intervention
(MINEDU and Zarate 2017). These include the network degree (the number of
connections) and the social centrality level measured by centrality. We collected
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TABLE 4—FIRST STAGE ON ASSIGNED PEERS AND ACTUAL NEIGHBORS IN DORMITORIES

Assigned peers Neighbors
Number Average characteristics Number Average characteristics
More Higher Social Academic More Higher Social Academic
central achieving centrality achievement central achieving centrality achievement
(1) 2) (3) (4) (5) (6) (7) (8)
More central 3.177 —0.009 0.886 0.088 1.575 0.060 0.544 0.087
(0.107) (0.105) (0.016) (0.017) (0.049) (0.048) (0.019) (0.020)
Higher achieving ~ 0.016 2.980 0.036 0.942 —0.031 1.526 0.022 0.570
(0.067) (0.081) (0.010) (0.013) (0.032) (0.038) (0.013) (0.015)
Control mean 0.38 0.92 —0.22 —0.53 0.59 1.39 —0.13 —0.36
Observations 6,079 6,079 6,079 6,079 6,079 6,079 6,079 6,079

Notes: This table reports the effect of being assigned to more-central and higher-achieving peers on the number
of more-central and higher-achieving assigned peers and neighbors, and on the average centrality and academic
achievement for each of these groups. Assigned peers are students in the student-peer-type combinations to which
the student was assigned. Neighbors are students in the same dormitory for small dorms and students in the same
or adjacent bunk bed for large dorms. All regressions control for strata fixed effects and selected covariates at base-
line, including the score on the admission test, math and reading scores, centrality and degree in the social network,
peers’ perception of social skills, and own perception of academic and social skills. For the 2017 cohort, all regres-
sions include gender-by-classroom fixed effects. The control group is defined as being assigned to less-central and
lower-achieving peers. Standard errors are clustered at the peer-group-type-by-student-type level.

two waves of network surveys after the intervention (MINEDU and Zarate 2017)
(see the timeline in Figure 1). In each of these, students listed their friends, study
partners, and peers with whom they play games and sports. Like the baseline survey,
these questions provided a drop-down list of all the students enrolled in the school
cohort, and there were no restrictions on the number of peers students could list. |
constructed a global network aggregating all questions from both waves. As with
other network studies (Breza and Chandrasekhar 2019; Banerjee et al. 2013, 2019),
I consider an undirected network. My results are robust to a network of mutual
connections.

I also measure social skills using a battery of psychological tests (MINEDU and
Zarate 2017; MINEDU 2017¢). My main outcome is a psychological social skills
index, built from the first component of a principal component analysis over the entire
set of tests. These tests measure openness, extraversion, and agreeableness (among the
Big Five personality characteristics) as well as altruism, empathy, leadership, emo-
tional intelligence, and intercultural sensitivity. The index also incorporates the results
of the Reading the Mind in the Eyes Test, a test that predicts teamwork abilities at
both the group (Woolley et al. 2010) and the individual level (Weidmann and Deming
2020). Online Appendix D describes the features of each test.

To account for potential biases in self-reported answers, I consider a third vari-
ety of social outcomes: peers’ perceptions of social skills (MINEDU and Zirate
2017). While self-reported psychological tests are frequently used to measure social
skills, they are subject to social desirability bias and respondent manipulation. Since
social skills surface when interacting with peers, I introduce questions to measure
how peers perceive students. Students were asked to rank up to five of their peers
along four dimensions: leadership, friendliness, popularity, and shyness (reversed).
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I construct an index of peers’ perceptions using the number of peers that named the
student in each category.

Comprehensive of all social outcomes, I use an index that aggregates the four
types described above: connections, centrality, psychological tests, and peers’ per-
ceptions. I reproduce a similar social skills index with the available measures at
baseline. Panel B in online Appendix Figure A.1 displays a scatterplot of the two
general measures of social skills before and after the intervention. I find a large,
positive correlation between the two measures. An OLS regression reveals that a
1 standard deviation increase in the social skills index at baseline correlates with a
0.41 standard deviation increase in the social skills index after the intervention.

Academic Outcomes.—Students’ performance in the 2016 and 2017 cohorts is
measured with standardized tests designed by the Ministry of Education (MINEDU
2017d). For the 2015 cohort, the Ministry relied on students’ IB test results. I com-
bine these outcomes to measure test scores, as they are comparable across schools.
I also use the student grades assigned by teachers for the 2016 and 2017 cohorts,
which are not available for the 2015 cohort, as students’ IB test results are taken as
their final grades.

Longer-Term QOutcomes.—I1 also test the intervention’s impact on two types
of longer-term outcomes. First, I observe whether students dropped out from the
COAR Network. Second, I use administrative data to track students’ progression
into higher education (MINEDU 2020). I consider three college outcomes assessing
students’ enrollment in university and the quality of the university.

There is a vast number of private universities of low quality in Peru. As a result, in
2014, the Peruvian government issued the Universities Law and created the National
Superintendence of Higher Education (SUNEDU) to regulate universities. As part
of this law, all public and private universities must fulfill a minimum quality require-
ment to receive government certification. As of 2019, only 73 institutions have
received this certification. I use whether a university is certified as the first measure
of college quality. The SUNEDU also ranks higher education institutions to inform
families about the quality of universities. I use whether a university ranks in the top
20 as a second measure of college quality.

B. Empirical Strategy

I begin by estimating the effect of my two treatments—more socially central and
higher-achieving peers—on the social skills and academic outcomes described in
section IVA. The following equation estimates the impact of each treatment:

(6) Vi = 0+ Asi+ Al + X0+ D vty + e
TeT
Equation (6) shows how the more-central-peers treatment, s; and the
higher-achieving-peers treatment, «;, affect the outcome y; of individual i. I include
student-type fixed effects, ~y,, as the propensity of receiving the treatments varies by
student type (Rosenbaum and Rubin 1983), and student-type fixed effects account
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for these differences. I also include a gender-classroom fixed effect for the first-year
students as described above.

The parameters of interest in equation (6), A; and \,, denote the causal impact
of the more-central-peers and higher-achieving-peers treatments, respectively. The
vector X is a set of predefined covariates at baseline that include the score on
the admission test, math and reading scores, centrality and degree in the social
network, peers’ perception of social skills, and own perception of academic
and social skills. The results are robust to selecting these covariates using the
post-double-selection Lasso method developed by Belloni et al. (2014a, b). The
standard errors are clustered at the student-type x group-type level since all the
students within this unit share the same treatment peers (Abadie et al. 2017). I
also report the randomization inference p-values for my main results (Athey and
Imbens 2017; Young 2018).

To estimate heterogeneous effects by gender, I estimate equation (6), including
the interaction of the two treatments with the dummy variable boy. The following
equation describes this model:

(7) yi = a+ \s; + Aa; + ¢g5; X boy; + ¢,a; x boy; + X0 + Z%tir+ Eirs
€T

where ¢, and ¢, are the differentiated impacts on boys of each treatment.

I also use the 2SLS framework from Section IC to exploit experimental variation
in a model with two endogenous variables. I use this to jointly estimate the effect
of peers’ characteristics on students’ social and academic outcomes. The following
equation introduces this model:

(8) Vi = 9+ﬁs§ni+/6aani+xt{5+ ZQTtiT+EiT'
TeT

Here, s, and a, denote the average baseline social centrality and academic
achievement of neighbors of student i. The parameters of interest are (3, and [,
the effect of a 1 standard deviation increase in the average centrality and academic
achievement of neighbors on students’ outcomes. The first stage of this model is
depicted by equations (5a) and (5b), and columns 7 and 8 of Table 4 present these
estimates.

C. RCT Registry

The experiment was registered in the AEA RCT Registry (Zarate 2017). The
original design considered the impact of each of the four peer types, which is equiv-
alent to adding an interaction term in equation (6). The original project had two
main hypotheses: (i) socially central peers can improve social outcomes, and (ii)
the interaction of socially central and higher-achieving peers can generate positive
academic peer effects and explain the heterogeneity found in the literature.

The main empirical strategy in the design’s current form does not include the
interaction term to gain precision. The interaction term does not affect the main
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results on social outcomes, and the coefficient associated with it is a precise zero.
For academic outcomes, I cannot reject the hypothesis that the interaction term is
equal to zero, but the estimates are less precise.'

The randomization was also stratified by gender, which helps identify heteroge-
neous effects for boys and girls, even when that was not preregistered. I also present
multiple robustness checks supporting the consistency of my results by gender for
various outcomes.

V. Main Results
A. Social Outcomes

I start describing the results by reporting the impact of the two treatments on
social outcomes. Panel A of Table 5 reports the reduced-form estimates of equations
(6) and (7) for all students on social outcomes indicators.

The results reveal that having more-central peers improves social outcomes, but
only for boys. Columns 1 and 2 in panel A report the post-intervention effects on the
number of connections. The impact of having more-central peers on the number of
connections for all students is close to zero (0.006, p-value 0.967). However, col-
umn 2 reveals how this average impact masks some heterogeneity by gender. While
the impact is negative for girls (—0.334, SE 0.181), the effect is large and positive
for boys, who end up having 0.50 ( p-value 0.029) more connections after the inter-
vention. The results for network centrality (columns 3 and 4) have a similar pattern:
boys with more-central peers have a better network position after the intervention
(0.1000, p-value 0.009), but for girls, the point estimate is —0.048 (SE 0.031).

I also find that having more-central neighbors only increases boys’ scores in
social psychology tests (columns 5 and 6). Estimates in column 5 show an average
treatment effect (ATE) of 0.0700 (SE 0.027) for psychological tests. This positive
impact is mainly driven by boys, for whom having more-central neighbors increases
the social skills index by 0.1430 (p-value 0.001). Although the results on peers’
perception (columns 7 and 8) are weaker, the same conclusion applies. While the
ATE of having more-central neighbors on peers’ perception (column 7) is 0.0290
(SE 0.020), the impact for boys has a larger magnitude of 0.054¢ (p-value 0.091).

By contrast, I do not find that higher-achieving peers affect social outcomes for
either boys or girls. Overall, the estimates for all students in panel A are precise
zeros. This is true for the network-centrality measure (column 3, effect of 0.0110,
SE 0.019), the social skills index (column 5, effect of —0.018¢, SE 0.021), and
peers’ perceptions (column 7, effect of 0.015¢, SE 0.017). Both the point estimates
and standard errors are small for every social outcome. I also find no differences by
gender when testing for heterogeneous impacts in the even columns of Table 5.

Next, I explore whether these effects vary according to students’ social centrality
at baseline by estimating equations (6) and (7) by subgroups: less and more socially

14 Online Appendix Table A.7 reports the treatment effects with the interaction on the composite index of social
skills. Online Appendix Table A.8 reports the treatment effects with the interaction on math and reading test scores.
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TABLE 5—REDUCED-FORM EFFECTS ON SOCIAL SKILLS

Dependent variable: Connections Centrality Psychological tests Peers’ perception
(1) 2 3) (4) (5) (6) (7 (8)
Panel A. All students
More central 0.006  —0.334 0.012  —0.048 0.070 0.020 0.029 0.011
(0.143) (0.181) (0.024)  (0.031) (0.027) (0.034) (0.020)  (0.025)
Higher achieving —0.021 —0.128 0.011 —0.013 —0.018  —0.010 0.015 0.036
(0.127) (0.169) (0.019)  (0.025) (0.021) (0.028) (0.017)  (0.022)
More central x boy 0.834 0.148 0.123 0.043
(0.293) (0.049) (0.055) (0.041)
Higher achieving x boy 0.249 0.056 —0.020 —0.049
(0.256) (0.038) (0.043) (0.036)
Mean control 13.78 13.78 —0.05 —0.05 —0.03 —0.03 —0.05 —0.05
p-val me boys 0.029 0.009 0.001 0.091
p-val ha boys 0.528 0.138 0.372 0.636
Observations 6,079 6,079 6,079 6,079 6,079 6,079 6,079 6,079

Panel B. Less-central students at baseline

More central 0290  —0.159 0.051  —0.046 0.133 0.063 0.045 0.012
(0.197)  (0.261) (0.032)  (0.041) (0.039)  (0.048) (0.022)  (0.027)
Higher achieving -0.133  —-0.177 0.007  —0.011 —0.032  —0.085 —0.064  —0.052
(0.198)  (0.261) (0.033)  (0.042) (0.038)  (0.047) (0.024)  (0.030)
More central x boy 1.093 0.236 0.169 0.080
(0.397) (0.065) (0.080) (0.045)
Higher achieving x boy 0.096 0.040 0.127 —0.029
(0.390) (0.064) (0.078) (0.047)
Mean control 11.24 11.24 —0.25 —0.25 —0.16 —0.16 —0.29 —0.29
p-val mc boys 0.002 0.000 0.000 0.012
p-val ha boys 0.783 0.558 0.499 0.027
Observations 1,832 1,832 1,832 1,832 1,832 1,832 1,832 1,832

Panel C. More-central students at baseline

More central —-0.312  —0.572 —0.031  —0.058 0.009  —0.021 0.017 0.011
(0.204) (0.246) (0.035) (0.044) (0.037) (0.047) (0.032) (0.040)
Higher achieving 0.185 0.159 0.057 0.038 —0.017 0.063 0.079 0.112
(0.208) (0.258) (0.036) (0.046) (0.037) (0.047) (0.031) (0.039)
More central x boy 0.639 0.068 0.075 0.013
(0.422) (0.072) (0.075) (0.065)
Higher achieving x boy 0.059 0.046 —0.199 —0.082
(0.431) (0.072) (0.075) (0.066)
Mean control 14.28 14.28 0.27 0.27 0.04 0.04 0.21 0.21
p-val me boys 0.844 0.866 0.353 0.628
p-val ha boys 0.526 0.131 0.020 0.554
Observations 1,822 1,822 1,822 1,822 1,822 1,822 1,822 1,822

Notes: This table reports the effect of being assigned to more-central and higher-achieving peers on social skills out-
comes. All regressions control for strata fixed effects and selected covariates at baseline, including the score on the
admission test, math and reading scores, centrality and degree in the social network, peers’ perception of social skills,
and own perception of academic and social skills. For the 2017 cohort, all regressions include gender-by-classroom
fixed effects. The control group is defined as being assigned to less-central and lower-achieving peers. The sam-
ple in panel A includes students from all the cohorts. The sample in panels B and C includes students from the
2015-2016 cohorts, as there is no information on centrality at baseline for the 2017 cohort. The table also reports
the p-value for the more-central-peers (“p-val mc boys”) and the higher-achieving-peers (“p-val ha boys”) treat-
ment for boys. These tests correspond to the sum of parameters A, + ¢, and parameters \, + ¢, in equation (7)
being equal to zero, respectively. Standard errors are clustered at the peer-group-type-by-student-type level.
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central students at baseline (panels B and C, respectively). I then compare these
results to equation (6) estimates for all students, presented in panel A.

The positive effects of having more-central neighbors on boys’ social skills
mainly originate from the impact on students who were less socially central at base-
line (panel B of Table 5). Having more-central peers increases connections for less
socially central students by 0.956 ( p-value 0.001). Estimates for network centrality,
psychological tests, and peers’ perceptions are all consistent with this conclusion.
All of the point estimates are larger than those reported in panel A, and the p-values
range between 0.000 and 0.012."> By contrast, I do not find robust evidence that
more-central neighbors affect the social outcomes for less socially central girls.
Likewise, higher-achieving neighbors do not appear to change the social outcomes
for less socially central students. While I observe some negative effects on peers’
perceptions (column 7), I do not put much weight on this result, as it is inconsistent
with the impact on other social outcomes.

The more-central-peers treatment does not affect the formation of social skills for
students assessed as more socially central at baseline. Panel C supports this conclu-
sion by showing the reverse side of the story. I cannot reject a zero treatment effect
for most outcomes in this table for both boys and girls. Having higher-achieving
peers, however, appears to increase the social perceptions of lower-achieving girls.
As this effect is not consistent with the effect for other social outcomes, I refrain
from drawing general conclusions from these estimates.

The positive impacts on social skills for the less socially central boys translate
into longer-term outcomes such as lower dropout rates and higher enrollment rates
at better colleges. Online Appendix Table A.4 shows the correlation between the
general social skills index (grouping all social skills measures), math and reading
scores with dropout rates, college enrollment, and college quality. Column 1 shows
how the social skills index has the largest predictive power on the COAR Network
dropout rates. A 1 standard deviation increase in the social skills index is correlated
with a decrease in dropout rates of 0.8 p.p. The three types of skills—social skills,
math scores, and reading scores—are also positively correlated with college enroll-
ment and quality.'® The best predictor is generally math scores. Still, social skills
are crucial, as they are better than reading scores in predicting college enrollment
and enrollment at certified colleges.

Furthermore, Table 6, panel B shows that having more-central neighbors
also influences the longer-term outcomes of less socially central boys. Column
2 shows a negative effect of 2.4 p.p. (p-value 0.004) on the dropout rate.'”
Columns 4 and 6 show an increase of 6.8 p.p. (p-value 0.028) and 5.4 p.p. (p-value

5The difference in the effect of the more-socially-central-peers treatment for less and more-central boys is
statistically significant for three out of four social outcomes.

16 A 1 standard deviation increase in social skills correlates with a 2.4 percentage point increase in college
enrollment. This is one-quarter of the correlation between college enrollment and math scores. These results are
more important for enrollment at certified colleges, where the correlation with social skills is about 45 percent of
the correlation with math scores.

17 As we collected different surveys over time, the effect on the dropout rate does not generate attrition on the
main outcomes.
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TABLE 6—REDUCED-FORM EFFECTS ON LONGER-TERM OUTCOMES

Dependent variable: Dropout College enrollment Certified college Top-20 college
(1) 2 3) (4) (5) (6) (7 (8)
Panel A. All students
More central —0.002 0.005 —0.026  —0.046 —0.010  —0.030 —0.013  —0.031
(0.004) (0.006) (0.014)  (0.019) (0.014) (0.017) (0.013)  (0.017)
Higher achieving 0.005 0.002 —0.017  —0.024 —0.015  —-0.018 —0.017  —0.023
(0.004) (0.006) (0.014)  (0.019) (0.014) (0.017) (0.013)  (0.017)
More central x boy —0.018 0.050 0.050 0.043
(0.008) (0.028) (0.028) (0.026)
Higher achieving x boy 0.007 0.018 0.006 0.014
(0.008) (0.028) (0.028) (0.026)
Mean control 0.02 0.02 0.62 0.62 0.32 0.32 0.26 0.26
p-val mc boys 0.013 0.847 0.394 0.539
p-val ha boys 0.081 0.742 0.599 0.662
Observations 3,654 3,654 3,654 3,654 3,654 3,654 3,654 3,654
Panel B. Less-central students at baseline
More central —0.001 0.015 —0.013  —0.020 0.017  —0.018 —0.001  —0.040
(0.007)  (0.010) (0.021) (0.028) (0.019)  (0.024) (0.018) (0.023)
Higher achieving 0.019 0.019 —0.030  —0.045 —0.015 —0.018 -0.019  —0.029
(0.007)  (0.010) (0.020) (0.028) (0.019)  (0.025) (0.018) (0.023)
More central x boy —0.039 0.016 0.086 0.094
(0.013) (0.040) (0.039) (0.035)
Higher achieving x boy 0.001 0.036 0.008 0.024
(0.014) (0.041) (0.040) (0.036)
Mean control 0.02 0.02 0.58 0.58 0.26 0.26 0.22 0.22
p-val me boys 0.004 0.901 0.028 0.049
p-val ha boys 0.041 0.770 0.735 0.854
Observations 1,832 1,832 1,832 1,832 1,832 1,832 1,832 1,832
Panel C. More-central students at baseline
More central —0.004  —0.005 —0.043  —0.080 —0.035  —0.040 —0.024  —0.020
(0.005) (0.008) (0.019)  (0.027) (0.020) (0.025) (0.019)  (0.025)
Higher achieving —0.010 —0.016 —0.008  —0.007 —0.020 —0.022 —-0.016 —0.018
(0.005) (0.008) (0.019) (0.026) (0.020) (0.024) (0.019) (0.025)
More central x boy 0.003 0.092 0.012 —0.010
(0.010) (0.038) (0.041) (0.039)
Higher achieving x boy 0.014 —0.004 0.004 0.004
(0.010) (0.038) (0.040) (0.039)
Mean control 0.03 0.03 0.68 0.68 0.41 0.41 0.33 0.33
p-val me boys 0.657 0.666 0.393 0.313
p-val ha boys 0.838 0.698 0.593 0.641
Observations 1,822 1,822 1,822 1,822 1,822 1,822 1,822 1,822

Notes: This table reports the effect of being assigned to more-central and higher-achieving peers on longer-term
outcomes. All regressions control for strata fixed effects and selected covariates at baseline, including the score
on the admission test, math and reading scores, centrality and degree in the social network, peers’ perception
of social skills, and own perception of academic and social skills. For the 2017 cohort, all regressions include
gender-by-classroom fixed effects. The control group is defined as being assigned to less-central and lower-achieving
peers. The sample in panel A includes students from all the cohorts. The sample in panels B and C includes students
from the 2015-2016 cohorts, as there is no information on centrality at baseline for the 2017 cohort. The table also
reports the p-value for the more-central-peers (“p-val mc boys™) and the higher-achieving-peers (“p-val ha boys”)
treatment for boys. These tests correspond to the sum of parameters A\, + ¢, and parameters \, + ¢, in equation
(7) being equal to zero, respectively. Standard errors are clustered at the peer-group-type-by-student-type level.
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0.049), respectively, in the likelihood of enrolling at certified or top-20 colleges.
Results broadly support that social skills matter for later-life outcomes.'®

The social skills improvement for less socially central boys remains after mul-
tiple robustness checks. Online Appendix Figure A.3 presents the effect of the
more-central-peers treatment on all the individual outcomes related to social skills.
I measure these social outcomes at different moments after the experiment’s imple-
mentation (see timeline in Figure 1). Yet, results are consistently positive regardless
of the time of measurement. These outcomes include (i) the degree and centrality
of friendship, study, and other social activities networks; (ii) openness, extraver-
sion, and agreeableness (among the Big Five), as well as other psychological-test
measures; and (iii) the number of peers who perceive the student as a leader or as a
friendly, popular, or shy person. Panel A displays the point estimates and 90 percent
confidence intervals for the less socially central boys. Point estimates are positive
for 38 out of 39 outcomes, and statistically different from zero in 29 cases.

Moreover, online Appendix Table A.5 presents p-values following Young (2018),
showing that the above results are robust to randomization inference. Likewise, I
can also reject a zero effect after accounting for multiple hypotheses testing. Online
Appendix Table A.6 presents p-values for multiple hypotheses across different stu-
dent groups by gender and social centrality at baseline.

2SLS Estimates.—To account for imperfect compliance between assigned peers
and actual neighbors and to provide comparable estimates to other peer effects
studies, I estimate equation (8). Table 7 presents the results of the 2SLS model
with two endogenous variables described in equation (8) for social and academic
outcomes. The table reports the estimates of parameters 3, and (3,—the impact of
neighbors’ average social centrality and academic achievement on students’ out-
comes, respectively. There are two endogenous variables: neighbors’ social central-
ity and neighbors’ academic achievement (both calculated at baseline). I instrument
for these by using whether the student was assigned to the more-central-peers or
higher-achieving-peers treatment. Table 7 reports peer effects on the composite
social skills index aggregating the four social outcomes.

The results of this 2SLS model mirror the treatment effects described above.
Neighbors’ social centrality positively impacts social skills, but only for boys.
Table 7, panel A shows the results for all students, boys, and girls. A 1 standard devi-
ation increase in neighbors’ social centrality has an impact of 0.039¢ (SE 0.046)
on the average student’s social skills index score (column 1). This slightly posi-
tive impact is driven by boys in column 2, with an estimate of 0.2460 (SE 0.084).
By contrast, column 3 shows that the social peer-effects estimate for girls is small
(—0.076) and relatively precise (SE 0.053). Social outcomes are also not affected by
the academic achievement of students’ neighbors.

The positive social peer effects on boys are higher for the less-central stu-
dents. Panel B reports these results for the less-central students. Estimates are
all-around larger than in the combined sample in panel A. Less-central boys

'8 While more-central peers negatively impact college enrollment for girls with higher centrality at baseline,
they do not affect college quality.
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TABLE 7—2SLS EFFECTS ON SOCIAL SKILLS INDEX

Group: All students Boys Girls
(1 ©) €

Panel A. All students

Neighbors’ centrality 0.039 0.246 —0.076
(0.046) (0.084) (0.053)
Neighbors’ achievement 0.014 —0.000 0.002
(0.043) (0.073) (0.053)
F centrality 805.84 224.70 646.08
F achievement 817.96 323.53 508.51
Observations 3,654 1,490 2,164
Panel B. Less-central students at baseline
Neighbors’ centrality 0.137 0.486 —0.047
(0.069) (0.115) (0.083)
Neighbors’ achievement —0.093 —0.093 —0.111
(0.058) (0.096) (0.071)
F centrality 326.91 81.87 285.72
F achievement 374.30 198.76 195.68
Observations 1,832 753 1,079
Panel C. More-central students at baseline
Neighbors’ centrality —0.053 0.029 —0.091
(0.061) (0.119) (0.069)
Neighbors’ achievement 0.130 0.095 0.131
(0.062) (0.111) (0.076)
F centrality 476.10 137.67 381.54
F achievement 463.25 139.94 338.17
Observations 1,822 737 1,085

Notes: This table reports 2SLS estimates of neighbors’ average social centrality and academic
achievement on an index of social skills, using treatment assignments as instruments. All regres-
sions control for strata fixed effects and selected covariates at baseline, including the score on
the admission test, math and reading scores, centrality and degree in the social network, peers’
perception of social skills, and own perception of academic and social skills. The sample only
includes students from the 2015-2016 cohorts, as there is no information on centrality at baseline
for the 2017 cohort. Standard errors are clustered at the peer-group-type-by-student-type level.

(panel B, column 2) benefit the most from more-central neighbors. A 1 standard
deviation in neighbors’ centrality increases the social skills index for the less-cen-
tral boys by 0.4860 (p-value 0.000). By contrast, results in panel C indicate that
peers’ centrality and achievement do not affect social outcomes for the more-central
students.

B. Academic Outcomes

Next, I estimate treatment effects on academic outcomes. [[able § reports estimates
of equations (6) and (7). Columns 1 and 2 report effects on math and reading grades.
These outcomes are only available for the 2016 and 2017 cohorts. Analogously,
columns 3 and 4 show the impact of each treatment on math and reading test scores.

Consistent with the peer effects estimates reported by previous quasi-experimental
studies (Angrist and Lang 2004; Duflo et al. 2011; Abdulkadiroglu et al. 2014) that
generate large variation in peers’ skills, I find that the impact of higher-achieving
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TABLE 8—REDUCED-FORM EFFECTS ON TEST SCORES

Dependent variable: Grades (2016-2017 cohorts) Test scores
Math Reading Math Reading
(n 2 ®3) 4) ) (6) (™ (8)
Panel A. All students
More central 0.022 0.001 0.041 0.044 -0.022  -0.019 0.025  —0.007
(0.035)  (0.045) (0.036)  (0.050) (0.021)  (0.026) (0.026)  (0.035)
Higher achieving 0.009  —0.012 —0.018  —0.005 —0.027  —0.030 —0.033  —-0.072
(0.022)  (0.029) (0.024)  (0.032) (0.016)  (0.020) (0.020)  (0.027)
More central x boy 0.051 —0.006 —0.006 0.074
(0.071) (0.073) (0.043) (0.053)
Higher achieving x boy 0.046 —0.031 0.006 0.091
(0.045) (0.048) (0.034) (0.040)
Mean control —0.06 —0.06 —0.05 —0.05 —0.04 —0.04 —0.04 —0.04
p-val mc boys 0.349 0.481 0.468 0.089
p-val ha boys 0.315 0.329 0.387 0.536
Observations 4,419 4,419 4418 4418 5,681 5,681 5,796 5,796

Panel B. Lower-achieving students at baseline

More central 0.013  —0.010 0.067 0.061 —0.015  —0.062 0.041 0.020
(0.050)  (0.066) (0.052)  (0.070) (0.030)  (0.035) (0.039)  (0.053)
Higher achieving -0.061  —0.114 -0.075  —0.066 —0.043  —0.071 —0.041  —0.078
(0.036)  (0.048) (0.037)  (0.048) (0.025)  (0.028) (0.032)  (0.042)
More central x boy 0.052 0.016 0.110 0.050
(0.100) (0.104) (0.061) (0.078)
Higher achieving x boy 0.119 —0.022 0.066 0.085
(0.072) (0.076) (0.052) (0.064)
Mean control —0.27 —0.27 —0.21 —0.21 —0.29 -0.29 —0.11 —0.11
p-val me boys 0.576 0.319 0.338 0.226
p-val ha boys 0.925 0.133 0.900 0.886
Observations 2,195 2,195 2,195 2,195 2,778 2,778 2,860 2,860

Panel C. Higher-achieving students at baseline

More central 0.044 0.025 0.011 0.025 —0.028 0.020 0.010  —0.030
(0.051) (0.063) (0.052)  (0.071) (0.031) (0.038) (0.037)  (0.048)
Higher achieving 0.048 0.067 0.037 0.045 —0.026  —0.012 —0.033  —-0.073
(0.035) (0.044) (0.037) (0.049) (0.025) (0.031) (0.030)  (0.039)
More central x boy 0.044 —0.032 —0.116 0.096
(0.103) (0.104) (0.062) (0.074)
Higher achieving x boy —0.046 —0.017 —0.032 0.096
(0.070) (0.074) (0.051) (0.060)
Mean control 0.25 0.25 0.18 0.18 0.31 0.31 0.07 0.07
p-val me boys 0.402 0.925 0.054 0.246
p-val ha boys 0.701 0.631 0.271 0.620
Observations 2,211 2,211 2,210 2,210 2,890 2,890 2,923 2,923

Notes: This table reports the effect of being assigned to more-central and higher-achieving peers identified at baseline
on academic outcomes. All regressions control for strata fixed effects and selected covariates at baseline, including
the score on the admission test, math and reading scores, centrality and degree in the social network, peers’ percep-
tion of social skills, and own perception of academic and social skills. For the 2017 cohort, all regressions include
gender-by-classroom fixed effects. The control group is defined as being assigned to less-central and lower-achieving
peers. The table also reports the p-value for the more-central-peers (“p-val me boys”™) and the higher-achieving-peers
(“p-val ha boys”) treatment for boys. These tests correspond to the sum of parameters \, + ¢, and parameters
Ao + ¢, in equation (7) being equal to zero, respectively. Grades are standardized at the school-by-grade level and
test scores at the grade level. Standard errors are clustered at the peer-group-type-by-student-type level.
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peers on students’ academic achievement is a precisely estimated zero. The odd
columns in Table 8, panel A present the ATEs for all students in my sample. These
are precise estimates in the context of my study. The 95 percent confidence inter-
val for math test scores (column 5) ranges between —0.058 and 0.004¢. For read-
ing (column 7), it ranges between —0.072 and 0.0060. These confidence intervals
allow me to rule out positive peer effects on the average student. Likewise, I do not
find evidence that having more-central peers affects the academic achievement of
the average student. And I cannot reject homogeneous treatment effects by gen-
der, except for reading test scores. In column 8, I find a negative effect on girls of
0.0720 ( p-value 0.007).

I also examine treatment effects’ heterogeneity by academic achievement. I
estimate equations (6) and (7) for two academic achievement subgroups: lower-
and higher-achieving students at baseline. Table 8, panels B and C report the
reduced-form estimates for lower- and higher-achieving students at baseline.

Higher-achieving peers have heterogeneous treatment effects on academic achieve-
ment. Columns 1 and 3 in panel B of Table 8 show that the higher-achieving-peers
treatment negatively affects both math and reading grades. Higher-achieving neigh-
bors reduce students’ math grades by 0.0610 (p-value 0.092) and reading grades
by 0.0750 (p-value 0.043). The treatment effects on test scores are also negative.
Table 8, panel B, columns 5 and 7 show that the effects of higher-achieving peers on
lower-achieving students are —0.043¢ ( p-value 0.090) on math scores and —0.041c
(p-value 0.193) on reading scores. For the more-central-peers treatment, there is no
consistent evidence of an effect on academic performance.

The negative academic peer effects on lower-achieving students are starker for
girls. The even columns in Table 8, panel B report the estimates of equation (7) for
lower-achieving students. These results indicate that for lower-achieving girls, the
academic treatment academic effect is particularly negative, as reflected in math
grades (column 2, —0.1140, p-value 0.018), math test scores (column 6, —0.0710,
p-value 0.013), and reading test scores (column 8, —0.0780, p-value 0.067). The
point estimate for reading grades (column 2) is also negative (—0.0660, p-value
0.172), but it is more negative for boys. This evidence suggests that higher-achieving
neighbors can reduce the academic performance of lower-achieving girls. I cannot
reject the null hypothesis of a zero impact for lower-achieving boys.

These results are also robust to randomization inference (online Appendix
Table A.5, panel B). However, the effects are weaker than those on social skills
once we account for multiple hypotheses testing (online Appendix Table A.6, panel
B). Under the traditional multiple-hypotheses tests, the treatment effects on math for
lower-achieving girls are significant at the 10 percent level. In contrast, estimates are
not statistically significant for reading scores.

I do not find that having more-central or higher-achieving neighbors affects
the academic performance of higher-achieving students. Table 8, panel C reports
these estimates. Estimates are generally small and fairly precise. This is true for
both grades and test scores and for both boys and girls (even columns in Table 8).
Neighbors’ characteristics do not appear to affect the academic achievement of the
academically strongest students. If anything, higher-achieving peers reduce reading
performance for girls by 0.0730 (column 8).
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TABLE 9—2SLS EFFECTS ON ACADEMIC ACHIEVEMENT

Dependent variable: Math test scores Reading test scores
All students Boys Girls All students Boys Girls
(1 2 ®3) (4) ) (6)
Panel A. All students
Neighbors’ centrality —0.032 —0.043 —0.027 0.054 0.132 0.007
(0.038) (0.074) (0.043) (0.049) (0.086) (0.058)
Neighbors’ achievement —0.046 —0.039 —0.044 —0.059 0.023 —0.120
(0.029) (0.053) (0.033) (0.035) (0.059) (0.044)
F centrality 62.04 18.95 49.90 62.04 18.95 49.90
F achievement 100.56 42.05 62.95 100.56 42.05 62.95
Observations 5,681 2,505 3,176 5,796 2,540 3,256
Panel B. Lower-achieving students at baseline
Neighbors’ centrality —0.013 0.093 —0.083 0.086 0.149 0.053
(0.053) (0.102) (0.056) (0.071) (0.119) (0.088)
Neighbors’ achievement —-0.076 —0.020 —0.116 —0.076 —0.004 —0.136
(0.046) (0.087) (0.048) (0.057) (0.094) (0.072)
F centrality 39.61 19.05 31.45 39.61 19.05 31.45
F achievement 38.40 16.29 26.64 38.40 16.29 26.64
Observations 2,778 1,236 1,542 2,860 1,260 1,600
Panel C. Higher-achieving students at baseline
Neighbors’ centrality —0.046 —0.205 0.034 0.027 0.138 —0.033
(0.057) (0.119) (0.064) (0.070) (0.133) (0.081)
Neighbors’ achievement —0.040 —0.049 —0.013 —0.055 0.028 —0.117
(0.040) (0.074) (0.048) (0.049) (0.084) (0.061)
F centrality 26.20 8.40 23.71 26.20 8.40 23.71
F achievement 53.48 25.18 33.76 53.48 25.18 33.76
Observations 2,890 1,259 1,631 2,923 1,270 1,653

Notes: This table reports 2SLS estimates of neighbors’ average social centrality and academic achievement on stu-
dents’ academic outcomes, using the treatment assignment as instruments. All regressions control for strata fixed
effects and selected covariates at baseline, including the score on the admission test, math and reading scores, cen-
trality and degree in the social network, peers’ perception of social skills, and own perception of academic and
social skills. For the 2017 cohort, all regressions include gender-by-classroom fixed effects. Standard errors are
clustered at the peer-group-type-by-student-type level.

2SLS Estimates.—Table 9 reports the 2SLS estimates of equation (8) for both
math (columns 1-3) and reading test scores (columns 4-6). These estimates account
for imperfect compliance and are comparable to the findings of other peer effects
studies. Panel A presents the results for all students, and panel B for subgroups by
academic achievement at baseline. Columns 1 and 4 show a precise zero estimate
for average academic peer effects. The impact of a 1 standard deviation increase
in neighbors’ academic achievement at baseline is —0.046 (SE 0.029) on math
scores and —0.059 (SE 0.035, p-value 0.094) on reading scores. My estimates
rule out even small positive peer effects: the upper limit of the 95 percent confi-
dence interval is just 0.011 for math scores and 0.010 for reading scores. I also
find fairly precise estimates for neighbors’ social centrality on academic outcomes.
Estimates in columns 2 and 3 show that peer effects on math scores are similar for
boys and girls. However, academic peer effects are negative for girls on reading
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(columns 5 and 6); a 1 standard deviation increase in neighbors’ academic achieve-
ment reduces girls’ reading performance by 0.1200 (SE 0.044).

Results in panel B of Table 9 show that academic peer effects are negative for
lower-achieving students but statistically indistinguishable from zero at the 95 per-
cent confidence level. However, columns 3 and 6 in panel B indicate that these
effects are more negative and statistically significant for girls. For them, a 1 standard
deviation increase in peers’ achievement at baseline reduces math performance by
0.1160 (p-value 0.015) and reading performance by 0.1360 (p-value 0.060). In
contrast, for boys (columns 2 and 5), the estimates for academic peer effects are
very close and indistinguishable from zero. For higher-achieving students (panel C),
peer effects are indistinguishable from zero.

In summary, higher-achieving peers have, on average, zero effect on students’
academic outcomes. And they appear to be detrimental to the performance of
lower-achieving students, especially lower-achieving girls.

VI. Mechanisms

I now study what mechanisms may explain the results described in Section V.
While my goal is not to establish the causal impact of any particular mechanism, as
this was not the experiment’s purpose, I present consistent evidence with the main
findings. I show that boys’ and girls’ beliefs respond differently to peers and that
friendships are not enough to cause peer effects.

A. Self-Confidence

This section examines whether beliefs about one’s abilities (self-confidence) can
explain my findings. In online Appendix E, I present a simple framework based on
previous theoretical results to illustrate how beliefs affect student outcomes and the
impact of peer characteristics on beliefs. Three reasons below could help explain the
role of self-confidence in peer effects.

First, the literature can help identify two channels for beliefs to affect performance.
On the one hand, when effort and abilities are complements, more self-confident
individuals exert more effort (Bénabou and Tirole 2002). Second, as argued by
Compte and Postlewaite (2004), self-confidence could directly affect performance.

The second reason is that by interacting with peers, students receive signals about
their skills that could change their beliefs. While it is beyond this paper’s scope to
study these signals, a natural example is the “big fish, little pond” effect: students
can lose confidence in their own abilities through social comparisons. Still, stu-
dents might as well receive positive signals from peer relationships. For example,
a student might feel more popular if she befriends the most-central students in her
class. Previous evidence shows that students may be discouraged due to these social
comparisons (Antecol et al. 2016; Rogers and Feller 2016).

Third, the interpretation of a signal might depend on gender. Men and women
differ in how they form beliefs about themselves and others (Bordalo et al. 2019).
Recent evidence in psychology shows that female students tend to make more
upward social comparisons and fewer downward comparisons than male students
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in assessing their math abilities (Pulford et al. 2018). Similarly, an extensive lit-
erature in economics shows that men and women differ in their levels of confi-
dence (Sarsons and Guo 2016), how they respond to feedback (Mobius et al. 2014),
and their preferences for competition (Gneezy et al. 2003; Buser and Yuan 2019;
Niederle and Vesterlund 2007).

In the following two subsections, I explore whether self-confidence might be a
mechanism driving this paper’s results. First, I study to what extent male and female
students differ in their beliefs. Second, I estimate treatment effects on self-reported
measures of ability.

Gender Differences.—To determine whether gender differences affect students’
beliefs, I study whether boys and girls report different beliefs in their skills. In the
end line survey, we asked students to rank their own academic skills and popularity
from O (lowest) to 100 (highest). Another measure is whether a student identifies
herself as being in her cohort’s top five along the dimensions of academic skill,
leadership, friendliness, popularity, and shyness (reversed).

Figure 5 presents the cumulative distribution of the self-reported academic and
popularity rankings by gender (panels A and B, respectively). The left column dis-
plays quantile regressions in the gender gap of these self-reports after controlling for
observable characteristics: test scores, the number of friends, centrality, and peers’
perceptions of academic skills and popularity.

In general, boys report higher self-confidence in both academic skills and popular-
ity. The left column in both panels shows that the distribution of boys’ self-reported
academic and popularity rankings has first-order stochastic dominance over girls’
distribution for the same variables. Furthermore, estimates for the quantile regres-
sions in the right column reveal that these differences remain even after controlling
for observable characteristics. The estimates suggest that men are more confident
than women. The male-female gap is positive across the entire distribution, and in
most cases, it is statistically significant at the 95 percent level. For example, at the
median of the distributions, the difference in the ranking is approximately five posi-
tions (0.25¢ for the academic ranking and 0.200 for the popularity ranking).

Peers and Beliefs.—

Social Outcomes: | examine whether having more-central peers affects students’
perception of their own social skills after the intervention. Table 10 reports these
effects. Panel A presents the results for the less socially central students at base-
line, and panel B for the more socially central. Columns 1 to 3 show the effect
on self-reported popularity rankings (all between 0 and 100) in the dorm,'? the
classroom, and the cohort. Columns 4 to 8 report estimates on whether students
entered their own names when asked to list up to five top peers in leadership

19For large dormitories, the dorm is defined as students in neighboring bunk beds.



VOL. 15 NO. 3 ZARATE: UNCOVERING PEER EFFECTS IN SOCIAL AND ACADEMIC SKILLS 69

Panel A. Academic ranking in cohort
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FIGURE 5. GENDER DIFFERENCES IN SELF-REPORTED RANKINGS

Notes: This figure plots differences by gender in self-reported academic and popularity ranking within the cohort.
The left column presents the cumulative distribution function and the right column the estimates from quantile
regressions of the gender gap after controlling for observable characteristics. These covariates include scores in
mathematics and reading tests, network degree and centrality, and peers’ perception of social and academic skills.
Standard errors are clustered at the school-by-cohort level.

(column 4), popularity (column 5), friendliness (column 6), and shyness (reversed
in column 7). Finally, column 8 presents an index combining these measures.

While the less socially central girls negatively updated their beliefs on their own
social skills, the less socially central boys positively updated theirs. Results in col-
umn 8 show that the treatment effect for the less socially central boys on the index
is about 0.1390 ( p-value 0.027). Less socially central girls, by contrast, have a neg-
ative treatment effect of about 0.1200 ( p-value 0.013).

The table also exhibits the effects on the index’s constituting measures. Results
in Table 10, panel A, column 1 are very telling about differences in belief forma-
tion by gender. There is a negative mechanical relationship between being assigned to
more-central peers and popularity ranking within the dorm by construction. However,
this negative relationship only holds for girls, who report a 2.91 p.p. lower ranking
(p-value 0.049) when assigned to more-central neighbors. By contrast, we cannot
reject a zero impact for boys. The interaction term of the treatment with the boy
dummy is positive and marginally significant (p-value 0.096), which suggests that
boys’ perception of their popularity increases when they interact with more-central
peers.

The results also show that beyond the negative mechanical effect within the
dorm, girls also report a lower ranking in their classroom and cohort when assigned
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TABLE 10—SELF-CONFIDENCE IN SOCIAL SKILLS

JULY 2023

Dependent variable:

Popularity ranking

Self-nomination (in the top 5)

Dorm  Classroom  Cohort Leader Popular  Friendly ~ No shy Index
(1) 2 3) (4) (5) (6) (7) (8)
Panel A. Less-central students at baseline
More central —2912  —-3356 —2.723 —0.070  —0.022 0.015  —0.006 —0.120
(1.476) (1.392) (1.403) (0.023)  (0.025) (0.017)  (0.016) (0.048)
Higher-achieving 0.143 0.787  —0.589 0.023 0.025  —0.009 0.023 0.040
(1.480)  (1.434) (1.440) (0.023)  (0.025) (0.016)  (0.016) (0.049)
More central x boy 3.873 5.226 5.324 0.110 0.081 0.007 0.046 0.259
(2.323)  (2.182) (2.113) (0.038)  (0.038) (0.032)  (0.022) (0.078)
Higher-achieving x boy 2.115 2.188 1.383 —0.080  —0.066 0.009  —0.050 —0.055
(2.273)  (2.150) (2.117) (0.038)  (0.038) (0.031)  (0.023) (0.078)
Mean control 67.29 64.85 58.77 0.28 0.22 0.14 0.91 —0.12
p-val mc boys 0.594 0.270 0.103 0.173 0.043 0.403 0.009 0.027
p-val ha boys 0.193 0.064 0.612 0.061 0.156 0.992 0.088 0.806
Observations 1,662 1,666 1,665 1,682 1,682 1,682 1,682 1,832
Panel B. More-central students at baseline
More central 0.830 1.347 0.852 —0.003 —0.014 0.005 0.012 0.022
(1.362) (1.157)  (1.257) (0.023) (0.025)  (0.019) (0.014) (0.046)
Higher-achieving —-1.209 —-0.148 0914 0.034 0.009  —0.015 0.003 —0.010
(1.341) (1.150)  (1.220) (0.024) (0.024)  (0.020) (0.013) (0.046)
More central x boy 0.124  —0.100 0.065 —-0.033  —0.021 —0.005  —0.017 —0.038
(2.067) (1.880)  (1.954) (0.038) (0.038)  (0.032) (0.021) (0.071)
Higher-achieving x boy 1.598  —0.516  —0.573 0.000  —0.013 0.009 0.032 0.016
(2.016) (1.858)  (1.891) (0.040) (0.038)  (0.032) (0.021) (0.072)
Mean control 72.22 70.75 65.26 0.30 0.25 0.16 0.92 0.09
p-val me boys 0.539 0.400 0.541 0.232 0.224 0.981 0.764 0.768
p-val ha boys 0.797 0.654 0.308 0.274 0.882 0.812 0.028 0911
Observations 1,700 1,699 1,701 1,710 1,710 1,710 1,710 1,822

Notes: This table reports the effect of being assigned to more-central and higher-achieving peers identified at base-
line on self-confidence in social skills. All regressions control for strata fixed effects and selected covariates at base-
line, including the score on the admission test, math and reading scores, centrality and degree in the social network,
peers’ perception of social skills, and own perception of academic and social skills. The control group is defined as
being assigned to less-central and lower-achieving peers. The sample only includes students from the 2015-2016
cohorts, as there is no information on centrality at baseline for the 2017 cohort. The table also reports the p-value
for the more-central-peers (“p-val mc boys”) and the higher-achieving-peers (“p-val ha boys”) treatment for boys.
These tests correspond to the sum of parameters A + ¢, and parameters \, + ¢, in equation (7) being equal to zero,
respectively. Standard errors are clustered at the peer-group-type-by-student-type level.

to more-central peers (columns 2 and 3). The intervention caused them to weaken
their beliefs in their own popularity. This result is in line with previous evidence that
women tend to make more upward social comparisons than men do. The impact of
the treatment on self-reported rankings also varies by gender. The treatment effects
on the classroom and dorm rankings are 5.23 and 5.32 positions greater for boys
than for girls. Both differences are statistically significant at the 95 percent level.
Furthermore, the estimate in column 3 shows that the treatment effect is positive
for boys, with a ranking increase of 2.60 positions ( p-value 0.103) in the ranking.
This result supports that boys believe they are more popular after interacting with
more-central neighbors.
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The estimates on whether students list their own names in the survey (columns
4 to 7) are consistent with these results. The positive impact on the beliefs of the
less socially central boys is driven by their self-perceived levels of leadership, pop-
ularity, and, especially, shyness. In general, less socially central boys are 4.0 p.p
(p-value 0.009) less likely to report themselves as being among the shyest in the
school after the intervention.

Overall, this evidence suggests that more socially central neighbors affect boys’
and girls’ beliefs in their abilities differently.

Academic Achievement: Changes in beliefs on academic skills are also a valid
mechanism to explain the academic peer effects in this paper. Evidence from
Table 8 shows that having higher-achieving peers decreases the academic scores of
lower-achieving students, especially lower-achieving girls. Here, I explore whether
these changes align with changes in self-confidence.

Table 11 displays estimates for equation (7) on self-confidence in academic skills
with three measures of self-confidence and an aggregate index. The first measure is
self-reported beliefs of academic rankings within the dorm, classroom, and cohort.
The second measure is whether a student names herself as one of the five most skilled
students in the cohort. The third measure comprises two factors from the Achievement
Goals Questionnaire: (i) the performance-approach goal, assessing whether a stu-
dent wants to do better than her peers, and (ii) the performance-avoidance goal,
measuring whether a student avoids doing worse than her peers.

The results suggest that lower-achieving girls lose self-confidence in their aca-
demic skills when paired with higher-achieving peers. The main estimates in col-
umn 7 convey a negative effect of 0.093 (p-value 0.033). The table also displays
treatment effects on individual measures. Results in the first column show that while
lower-achieving girls report a ranking within the dorm 1.485 positions lower ( p-value
0.116), the effect for boys is around —0.010 positions and statistically indistinguish-
able from zero. Results for relative-performance goals are yet more striking, with
a negative impact on the performance-approach goal of 0.1900 ( p-value < 0.001)
and a negative impact on the performance-avoidance goal of 0.129¢ ( p-value 0.019).
Conversely, the impact on boys is slightly positive but indistinguishable from zero.?*

Panel B of Table 11 presents the results for higher-achieving students. Although
the estimates are, in general, indistinguishable from zero, there is some evidence
of gender differences in the formation of beliefs. Columns 1 to 3 show that while
higher-achieving peers reduce the self-reported academic rankings within a dorm,
classroom, and cohort for girls, this is not the case for boys. This impact is in line
with the negative effects on reading scores.

Overall, gender differences in self-confidence are consistent with the results in
Section V. Gender differences in psychological factors appear to be an important
mediator of peer effects.

29The results on rankings and self-confidence are more negative for first-year students, who have less informa-
tion about their academic abilities relative to their peers.
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TABLE 11—SELF-CONFIDENCE IN ACADEMIC SKILLS

Dependent variable: Academic ranking Competition
Want to do  Avoid doing Self-
better than ~ worse than nominate
Dorm Classroom Cohort peers peers top-5 skilled  Index
(1) 2 3) (4) (5) (6) (7)
Panel A. Lower-achieving students at baseline
More central —0.560 0.091 —0.491 —0.023 0.011 —0.010 —0.016
(1.038) (1.041) (0.986) (0.062) (0.063) (0.016) (0.048)
Higher achieving —1.485 0.053 —0.770 —0.190 —0.129 0.015 —0.093
(0.945) (0.873) (0.878) (0.053) (0.055) (0.015) (0.044)
More central x boy —1.650 —1.374 —0.883 0.020 0.003 —0.043 —0.100
(1.644) (1.604) (1.551) (0.093) (0.097) (0.028) (0.077)
Higher achieving x boy 1.475 —0.400 0.995 0.260 0.224 —0.057 0.090
(1.417) (1.346) (1.291) (0.080) (0.085) (0.025) (0.068)
Mean control 72.46 69.62 65.75 —0.01 —0.05 0.15 —0.09
p-val mc boys 0.082 0.293 0.251 0.965 0.848 0.018 0.055
p-val ha boys 0.992 0.737 0.812 0.241 0.139 0.036 0.945
Observations 2,801 2,805 2,805 2,672 2,672 2,831 3,025

Panel B. Higher-achieving students at baseline

More central —0.264 ~0.719 —0.632 ~0.053 0.009 —0.000  —0.033
(0.963) (0.865) (0.859) (0.060) (0.055) (0.019) (0.046)
Higher achieving —0.694 —1.617 ~1.294 —0.001 ~0.008 0.028  —0.022
(0.829) (0.755) (0.722) (0.048) (0.045) (0.017) (0.037)
More central x boy 1.844 3.104 1.667 ~0.053 ~0.136 ~0.034 0.029
(1.609) (1.565) (1.436) (0.091) (0.092) (0.035) (0.078)
Higher achieving x boy ~ 1.663 2359 2422 0.019 0.022 ~0.029 0.087
(1.354) (1.283) (1.187) (0.072) (0.072) (0.029) (0.064)
Mean control 7477 73.47 69.50 —0.04 0.05 0.19 0.09
p-val me boys 0.226 0.070 0372 0.123 0.083 0232 0.949
p-val ha boys 0.367 0.475 0.231 0.750 0.799 0.998 0.207
Observations 2,848 2,851 2,850 2,765 2,765 2,868 3,041

Notes: This table reports the effect of being assigned to more-central and higher-achieving peers identified at base-
line on self-confidence in academic skills. All regressions control for strata fixed effects and selected covariates at
baseline, including the score on the admission test, math and reading scores, centrality and degree in the social net-
work, peers’ perception of social skills, and own perception of academic and social skills. For the 2017 cohort, all
regressions include gender-by-classroom fixed effects. The control group is defined as being assigned to less-cen-
tral and lower-achieving peers. The table also reports the p-value for the more-central peers (“p-val mc boys”) and
the higher-achieving peers (“p-val ha boys”) treatment for boys. These tests correspond to the sum of parameters
A, + ¢, and parameters \, + ¢, in equation (7) being equal to zero, respectively. Standard errors are clustered at
the peer-group-type-by-student-type level.

B. Social Interactions

I also study whether social connections with neighbors can explain the results in
this paper. Intuitively, the effects of friends should be different from those of other
peers. For example, Carrell, Sacerdote, and West (2013) find that peers who were
expected to increase the performance of low-skilled students ended up harming
them. When low-skilled students are in groups with high-skilled peers, they segre-
gate by academic achievement, and the performance of the lower-skilled students
worsens. Recognizing the evidence on the importance of social interactions for the
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direction and magnitude of peer effects, I test whether this mechanism is driving my
results.

I find that the intervention globally influences friendships and social interactions
in my setting. I estimate equation (3) on the likelihood that individuals i and j form
a social connection. Figure 4, panel B displays the likelihood that two students will
form a social connection as a function of their distance on the list. A distance of 1
on the list (being in the row above or below) increases the likelihood of becoming
friends, engaging in joint social activities, or studying together by approximately
23 p.p (p-value 0.000). I also find a decreasing pattern with distance, and distance
impacts social interactions regardless of dorm size.

To assess if these social interactions drive the peer effects in this study, I esti-
mate the impact of each treatment (equation (7)) on the number of connections
students made with their neighbors while looking at heterogeneity by gender and
baseline characteristics. In a scenario where social interactions are a major driver of
peer effects, we would expect the following heterogeneous treatment effects. Less
socially central boys and more socially central neighbors form more connections
than other groups, and lower-achieving girls study less with their neighbors when
these are higher-achieving. However, I find no evidence of it. Figure €, panel A
shows that less socially central boys form connections with their neighbors like
other groups do. For all groups of less socially central students, the distance on the
list reduces the average number of connections. The number of connections is also
relatively similar across groups at each distance value.

I formally test whether the treatment or its interaction with gender predicts con-
nections in online Appendix Table A.9, panel A. The estimates show that I cannot
reject the hypothesis that less socially central boys form more social connections
with more socially central neighbors than other groups. In particular, column 1
shows that neither the more-central-peers-treatment status nor gender explains
social connections with neighbors. Other than a marginally significant effect in col-
umn 6, I cannot reject that these parameters are equal to zero. These results suggest
that other groups for which there is no evidence of an improvement in social skills
also formed similar connections with their neighbors.

Changes in social interactions are also inconsistent with academic peer effects
findings. Figure 6, panel B reports the average number of connections by distance
with neighbors for lower-achieving students.*!| This figure shows a similar pattern to
panel A and Figure 4, where increases in the distance on the list are associated with
fewer social interactions for the three groups and a similar average number of con-
nections across groups for each distance value. The estimates in online Appendix
Table A.9, panel B confirm this. Neither the higher-achieving-peers treatment
nor its interaction with gender predicts social connections (column 1). Strikingly
enough, this result also holds for study partnerships (column 3). Indeed, the results
also show that, counterintuitively, lower-achieving girls receive more support from
their neighbors in dealing with academic and personal problems (columns 5 and

21 These numbers are higher than for less socially central students because first-year students form, on average,
more links.
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FIGURE 6. SOCIAL INTERACTIONS OF MOST AFFECTED VERSUS COMPARABLE GROUPS

Notes: This figure shows the average number of connections with neighbors using nine dummies of the distance
on the list and by student’s type, treatment, and gender. Students are at an odd distance from peers that provide the
treatment and at an even distance from peers of their same type.

6, respectively) when the neighbors are higher achieving. By contrast, the estimates
in Table 9 reveal negative academic peer effects for lower-achieving girls.

Taken together, this evidence rules out social connections as the ultimate driver
of peer effects. All students are equally likely to befriend their neighbors, and yet,
estimates of peer effects vary widely across outcomes, student characteristics, and

peer type.

VII. Conclusion

This paper presents the results of a field experiment designed to estimate causal
peer effects on social and academic outcomes. The study was conducted in 23 out of
25 exam schools in Peru, with a sample of approximately 6,000 students. The exper-
imental design alleviates recent concerns with the traditional approach to estimat-
ing peer effects—random allocation to groups. The experiment guarantees strong
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variation in peer characteristics by randomly manipulating the peer type and using
an identification strategy that relies on the variation in peer characteristics across
treatments rather than groups.

Students were classified by baseline social centrality and academic achievement
using centrality measures of social networks and admission test scores. I found that
more socially central peers positively impact boys’ development of social skills. The
effects are mainly driven by the impact on boys assessed as less socially central at
baseline. This group of boys ended up with more connections and a higher central-
ity in their networks. These results are consistent with the impact on psychological
tests and peers’ perceptions of students’ social skills. These effects translate into
longer-term outcomes. More-central neighbors prevent less socially central boys
from dropping out of the COAR Network, making them more likely to enroll in
good universities.

By contrast, I reject positive academic peer effects on academic achievement.
The evidence suggests that higher-achieving peers reduce the performance of
lower-achieving students at baseline. This result is stronger for lower-achieving
girls. These findings are inconsistent with peer effects estimates from other studies,
especially those that use random allocation to groups (Sacerdote 2011; Epple and
Romano 2011). My conclusions are similar to the evidence on peer effects from
quasi-experimental studies (Angrist and Lang 2004; Abdulkadiroglu et al. 2014;
Duflo et al. 2011) that also ensure substantial variation in peers’ skills.

A potential limitation of this paper is that it does not allow for nonlinearities
in peer effects. However, while the main estimation is based on a linear-in-means
peer-effects model, I do allow for heterogeneity by gender and baseline characteris-
tics. Furthermore, the experimental design can be adapted to include nonlinearities,
but as in other experimental studies, there is a trade-off between more treatments
and greater statistical power.

I rule out social interactions as a driving mechanism of this paper’s peer
effects. For example, although lower-achieving girls befriend and study with their
higher-achieving neighbors, they have lower test scores. This result counters previ-
ous literature where students only benefit from higher-achieving peers when inter-
acting with them (Carrell, Sacerdote, and West 2013). Further studies are needed to
elucidate the differences between peer effects from friends and others.

Overall, the results show that policies that affect peer characteristics need to
account for gender differences in psychological factors. Less socially central boys
and less socially central girls experience different impacts on their beliefs in their
own social skills after interacting with more-central neighbors. These results are
consistent with a broad literature studying how men and women form beliefs about
themselves and others.
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