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Abstract

Cooperation has been key to our success as a species. Cooperative behavior on multiple levels and
the structures that emerge from those interactions have been extending over different domains
and scopes, from small food-sharing networks among hunter-gatherers to global trade and the
generation and diffusion of knowledge and technology worldwide.

Groups and societies have been creating and changing increasingly complex social mechanisms
and institutions to allow, promote, and support cooperation and its scaling. All these efforts have
boosted and expanded the benefits of cooperation but also have increased our interdependence
between different actors, which also implies higher systemic risks.

Cooperative Networks in small groups are the essential building blocks to sustain and promote
large-scale cooperation. Moreover, large-scale cooperation is possibly our best chance to face
today’s most significant global challenges and threats, such as climate change and global pandemics.

Schools are crucial for human development. Here, we first face peers and learn how to cooperate
with strangers. The school’s main goals are socialization, the transmission of culture, and teaching
knowledge and skills. Classrooms, in many ways, have a similar tribe-like structure and a nested
and controlled general situation, so dynamic cooperative networks emerge and mutate. Two main
challenges for schools nowadays are about learning and well-being. In specific, how can we improve
learning and achievement? And, how can we make school a safer, bullying-free place?

Cooperative learning literature has consistently found that creating more cooperative learning
environments has causal effects on increased academic achievement and decreased bullying behavior.
However, no precise mechanism is known. So, our main research question over this work is the
following: How cooperative networks in the classroom relate with other educational outcomes,
particularly Academic Achievement and Bullying Behavior?

But, how can we measure cooperation in the class, and elicit these networks? We propose that
we can use Experimental Game Theory, specifically implementing in the field an adaptation of a

lab game-theoretic social dilemma, which try to reproduce with ecological similarities the tension



between individual interests and social efficiency that students face in real life everyday interactions
in the classroom.

The essential concept is External Validity. We expect that the student’s behavior in the game
will reflect their day-to-day behavior and classroom structure. The dyadic social dilemma we
implement is a modified version of the Prisoner’s dilemma. A major adjustment is that in this
game, students are aware of the partner’s identity that has been matched to them each round, i.e.,
the game is non-anonymous. Thereby, their choices when playing again each other are not only the
result of intrinsic prosocial dispositions (or their absence), but also the result of their history and
the perceptions they have about each other.

In the first chapter, our first draft paper tackles the relationship between cooperative network
topology and academic performance. We measured the cooperative centrality of students by
quantifying their deviations from the average level of reciprocal cooperation in each interaction
and found that students that engaged in high levels of reciprocal cooperation have significantly
higher GPAs. In the second chapter, our second draft paper characterized the relationship between
cooperative network topology and bullying subtypes. We categorized students on their bullying
involvement in four different social categories: bully, bully-victim, victim, and non-involved students.
Then, we use the data from the experiment combined with a self-report instrument and using
multilevel modeling, we study how bullies, victims and bully-victims differ in their access to the
elicited cooperative network. We found that bully/victims and victims tend to receive less tokens
than non-involved students.

Both articles have important policy implications to the extent that they can inform the design
of interventions in the early phases of education to improve both academic achievement and social

coexistence.
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Chapter 1

Reciprocity heightens academic
performance in elementary school

students

Abstract

Social relationships are pivotal for human beings. Yet, we still lack a complete understanding of
the types and conditions of social relationships that facilitate learning among children. Here, we
present the results of a study involving 855 elementary school children from 14 different public
schools in Chile designed to understand their social learning strategies in classrooms. We mapped
students’ social relationships using a behavioral experiment—a non-anonymous social dilemma-that
allows us to measure cooperation and infer reciprocal and asymmetrical relationships between peers.
We implemented the experiment synchronously in each classroom using networked tablets and a
friendly user interface to mitigate cognitive barriers and boost students’ engagement. We found a
positive and significant association between reciprocity and academic performance using regression
models. This result holds after controlling for class attendance, sex, parents’ education, social status,
individual cooperative dispositions, and fixed effects per class group. Finally, using a difference-in-
differences-like framework, we found more evidence that reciprocity seems to heighten academic
performance by comparing two consecutive academic semesters. This effect is heterogeneous and is
considerably more prominent for the top 20% of students experiencing higher levels of reciprocity
in their social relationships. We expect these results to inform cooperative learning interventions
in elementary education.
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1.1 Introduction

“No significant learning can occur without a significant relationship”. In this statement from a
lecture given at the Education Service Center in Houston, Texas, in 1995, Dr. James Comer from
Yale University clearly expresses the critical role of social relationships between students and their
peers, teachers, friends, and family for learning. Certainly, this sentence does not mean that we
cannot learn from people with no direct relationships; in fact, we can learn from unrelated people,
books, and even online forums. However, knowledge and experiences acquired from meaningful
relationships are remembered and applied more than others. Dr. Comer’s quote also suggests
that social relationships come first, and learning will follow. Here, we will take this insight and
provide quantitative evidence on how reciprocity in social relationships is beneficial for learning in
elementary school students.

In recent decades, several studies have shown a significant association between students’ position
in their social networks and their academic performance at all ages [IHI3]. Academic performance
correlates positively with social capital-the individuals’ network of connections and tacit cooperation
[I4]-among college students in online degree programs [4], and with the flow of online and offline
communication among undergraduates [8]. Yet, we still lack a complete understanding of the
connection between social networks and learning, particularly among elementary school children.

Long-term returns to education depend mostly on early learning outcomes [I5-17]; thus moti-
vating the study of factors that contribute to the learning in elementary school students at both
the individual and group levels. At the individual level, academic achievement has been shown
to improve with parental education [I§] and the involvement of parents in school activities [19].
Student time management [20], sleep quality and duration [2I], physical activity [22] and, internet
use [23], also contribute positively to learning. Here we attempt to shed light on how social relations
within the classroom influence learning outcomes.

At the group level, positive externalities —peer effects— are known to be pivotal for social learning

[24-28] and play a key role in academic outcomes [5; 8; 29H31]. Indeed, how people capture
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the effects of their social relationships within a particular social environment largely depends on
the teaching strategy [10] and the social structure of their cooperative relationships [32]. For
instance, at the dyadic level, social learning can be understood as a natural form of pedagogy,
where cognitive mechanisms enable the transmission of cultural knowledge through imitation and
communication [33]. What distinguishes this natural pedagogy from other types of social learning,
e.g., prestige-biased social learning [34; 35], is that it not only requires the disposition to learn
from the “student-role subject,” but the willingness of the “teacher-role subject” to share their
knowledge [33]. Thus, from a game-theoretical perspective, a pedagogic act between peers [36],
qualifies as an act of cooperation in a standard social dilemma, a scenario in which individual
and collective interests collide because there are incentives to maximize individuals’ payoffs that
generates a sub-optimal collective performance [37].

Capturing cooperative dispositions between individuals is challenging and often requires multi-
dimensional instruments to uncover social relationships. Efforts to capture social networks date
back to Jacob Moreno’s sociograms [38]. Under Moreno’s approach, the social network is obtained
through surveys that ask students to state both whom they like or dislike to spend time with and
who their friends are [6} 39-42]. Traditionally, relational studies are conducted through surveys.
However, for primary school students, survey-based social network mapping may not be sufficient
because of the exacerbation of different types of biases [43] such as the social desirability bias
[44] (over-reporting of socially desirable behavior); cognitive barriers (difficult to establish that
subjects fully understand the questions) [45]; and lack of engagement (length or unfriendliness
of instruments generate poor answers) [46H49] associated with the implementation of self-report
based instruments.

To tackle these biases, we implemented a game-theory-based experiment in which all the students
of a given class play a dyadic social dilemma with each classmate. The game is played on networked
tablets using a friendly drag and drop interface. This methodological approach facilitates the
behavioral mapping of cooperative relationships by settling elementary school students in a familiar

and ecological interactive environment. The advantage of using game theory to map the social
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network is twofold: first, due to the non-anonymous character of the game, it allows us to capture
in a more comprehensive way the nature of cooperative relationships among students who, in most
cases, have been together in the same class group for more than three years [50]; and second, the
interactive nature of the game in which different actions lead to different payoffs mitigates the
biases related to survey-based instruments [51].

With these measurements, we study the following question: Do students who participate in more
mutually cooperative relationships increase their GPAs more than other students? To do this, we
go through the following structure: The rest of this section reviews previous works on network
science, social capital, and experimental game theory. The following section explains in more detail
the game-theoretical experiment and its interface, data, and methods used. We then show the
results and the econometric strategy to establish outcomes, and finally, we discuss the conclusions,

limitations, and future work.

1.1.1 Network theory and social capital

Studies have found a positive relationship between the degree centrality and measures of individual
social capital and the number of alters who may provide social support [52]. Egocentric network
density moves beyond a simple count of the number of members in the network to consider
the extent to which alters know one another. Thus, a respondent provides information on the
relationships between the alters in their network. For a general account of network-based measures
of social capital, see [53].

An alternative approach to measuring the resources provided by a particular link is to focus
on the tie’s strength, following sociologists’ early work on social networks. In his seminal paper,
Granovetter states that tie strength is a “... (probably linear) combination of the amount of
time, the emotional intensity, the intimacy (mutual confiding), and the reciprocal services which
characterize the tie” [54](p. 1361). Standard measures of tie strength include frequency and

duration of contact, whether the tie is emotionally supportive, and whether it is multidimensional
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[55].

Most of these studies rely on the survey-based elicitation of social networks. This approach in the
context of school communities riddles back to the studies by Jacob Moreno [38]. Indeed, his 1934
book “Who Shall Survive?” contains some of the earliest graphical depictions of social networks
(sociograms). Since then, social network analysis has been upgraded by techniques coming from
graph theory such as alternative measures of centrality [56], and community detecting algorithms
[57]. However, survey-based methods still prevail in current approaches that study the relationship
between the topology of the social structure of the class and its link with individual academic

performance [5].

1.1.2 Experimental game theory and cooperation

The implementation of social dilemmas that are characterized by the tension between individual
and social incentives, such as trust games [58], public goods game [59], or common-pool resource
games [60], provided empirical evidence for behavioral anomalies concerning the prediction of the
homo economicus model (individuals’ perfect rationality), understood as a simplified version of
Stuart Mil’s original abstraction. These deviations from the standard model have been interpreted
as the result of other-regarding preferences [61] such as altruism, reciprocity, or inequity aversion
[62].

The first wave of experimental studies mainly used Graduate students as experimental subjects,
referred to by Henrich et al. [63] as WEIRD (Western, Educated, Industrialized, Rich, and
Democratic) subjects and involved anonymous interaction. Then, the experimental literature
has slowly moved to study natural populations [64] and involve games implemented in the field
which stylistically represent social dilemmas that agents face in real-life [65; 66]. The new body of
literature that studies the external validity of game-theoretic experiments states that cooperative
social norms that are prevalent in the real world can penetrate laboratory behavior [67]. Individuals

who are more cooperative in the real world also behave more cooperatively in the lab [68] 69];
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and groups who achieve higher levels of cooperation in the real world also achieve higher levels of
aggregate cooperation when playing a social dilemma in the lab [T0-72]. The social domain of all
of these experimental studies ranges from the fishers of Toyama Bay [70] through the exploitation
of benthic resources in the Chilean coast [73], to the Wikipedians studied by [69]. These results
suggest that individual contribution to social capital and group social capital in the real world can
be measured in the lab using game-theoretic social dilemmas that reproduce the tension between
individual interest and social efficiency that agents face in real life.

To the extent that one of the major threats to the external validity of economic experiments,
as argued by [74; [75] refers to the anonymous character of interaction within the lab, we should
expect more significant levels of external validity in our experiment. Moreover, a recent study
that shows that non-anonymous interaction increases cooperation in contrast with anonymous

interaction suggests that pre-existing social connections do affect laboratory behavior [50].

1.1.3 Network-based measures of social capital and experimental game

theory

In the study of cooperation between humans, experimental game theory has contributed to
understanding mechanisms that explain phenomena such as cooperation in collective action
problems or the dynamics of reciprocal exchange [76]. Traditional research has mainly focused on
anonymous interaction. However, group and dyadic social dilemmas in real life are often played
between known subjects with previous and future history embedded in a social network structure.
A school classroom provides an ideal environment for controlled social dilemma experiments whose
results can be contrasted against real-life indicators of school life.

The possible outcomes for any dyadic game are: reciprocal mutual gains, indifference (or negative
reciprocity), or abuse (one of the parties benefits at the expense of the other party) will be used as
a proxy of the nature of the relationship in real life for such dyads.

Taking together that learning is a collective enterprise [24], and that several studies have shown
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the importance of peer effects on school performance (for a survey on these results, see [29]), we
expect that the position of the individual in their social network and the strength of their ties
could modulate the capacity of the student to capture learning externalities. Given that these
externalities are generated by their peers during the learning process, the academic performance

should be positively affected, as suggested by previous theoretical work [32].

1.2 Methods

1.2.1 Sample

We collected data from 855 students (between the 3rd and 5th grade) with an average age of
10.16 £+ 1.18 (57.5% were females) in 14 different public schools and 45 classrooms, at the beginning
of the second semester of 2017. We also collected administrative records for each student, including
gender, educational level of student’s parent or guardian, classroom attendance, and GPA. Most
of the students in the sample have been members of the same classroom for more than three
years, spending around eight hours together each school day. We also collected again academic
performance and attendance in December 2017. Finally, we note that we have complete information
for 769 students.

Our data collection methods and the experimental protocol were approved on May 4, 2016, by
the human subjects review board of Universidad del Desarrollo (IT15110079).

1.2.2 The Game

To measure relational cooperation, we implement a modified Prisoner’s Dilemma using a friendly
user interface on tablet computers (Fig. A). Our design involves two modifications concerning
the standard experimental design. First, the interaction is non-anonymous. In each round, students
know who their counterparts are. Under standard game-theoretic experimental protocols, which

involve anonymous interaction, networks elicited in the lab emerge from scratch, mainly through
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A

Player A
00000 000 00000
00000 0000 ....8
Atthe beginning of the  Players choose how many ~ Each sent token doubles.
game, each player is tokens to send to the In this example, player A
endowed with ten tokens. other players. gets 11 tokens and player
B 14 tokens
()() C)()()() GPA In degree
00000 000 00000 @ (Owe
00000 00000 00000
Mid O Mid
Low O Low
Player B

Figure 1-1: Experimental game. A) Students play a social dilemma; example of a dyadic interaction: i)
Both players are endowed with 10 (ten) tokens. ii) Simultaneously, player A decides to send 3 (three)
tokens, and player B decides to send 2 (two) tokens. iii) Sent tokens are doubled. iv) Player A receives 4
(four) tokens and player B receives 6 (six) tokens. B) A students’ network for a single classroom. For the
sake of visualization, edges correspond only to fully cooperative interactions.

assortative interaction between anonymous players [77]. However, to capture the nature of pre-
existing relationships, we departed from the standard protocol and considered non-anonymous
interactions. Thereby, we expect to capture not only the individual’s general intrinsic disposition
to cooperate with others but their dispositions to cooperate with each specific classmate, taking
into account their particular context, perception, and history together [50].

Second, rather than deciding whether to cooperate, students can implement different levels of
cooperation by sending a positive amount of tokens or choosing not to cooperate and keep all of
their tokens. In each dyadic interaction, both students are endowed with ten tokens. Then, each
student decides simultaneously how many tokens to give to the other students. Every received
token doubles, so students get the tokens they keep plus twice the tokens they receive. Thus, we
created a social dilemma where there is a tension between individuals’ incentives (keep all tokens)
and social incentives (give tokens that are doubled to their peers with whom they share a history
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and common past). Concretely, both players in a dyad would get more tokens if they give each
other all their endowed tokens (receiving 20 tokens each) rather than keeping them (10 and 10).
However, each of them has unilateral incentives to keep the endowed tokens because in every round,
regardless of the classmate’s decision, a player would always end up with more tokens in a round
by not giving any tokens to that classmate, and vice versa.

The experiment ends once every student has played with all their classmates. We use these
cooperative interactions to map students’ networks. For instance, Figure B shows a classroom
network in which nodes represent students, and directed links indicate fully cooperative interactions

(a student giving ten tokens to another student).

1.2.3 Network measures

We quantified individuals’ cooperation and reciprocity in their classrooms using network measures.
We define a weighted adjacency matrix for each classroom w;j;, representing the number of sent

tokens from student ¢ to student j. Table shows the network metrics used in this study.

Network measure Social Capital Formula
Average in-degree Average received cooperation 1r; = % >t Wi
Average out-degree  Average sent cooperation S; = % > i Wij
Reciprocated weight Reciprocated cooperation R, = % > i MiAn[w;i, i)
: : _1-d n w;; Rank;
Page-Rank Social ranking Rank; = * +d >}, m

Table 1.1: Network measures. w;; is the number of tokens sent from i to j, d represents a dumping factor
(d = 0.85 following [78]), and N is the number of students in each classroom

Average received cooperation, r;, measures the average cooperation received by ego (i). Average
sent cooperation, s;, measures the average sent cooperation. Reciprocated weight, R;, measures
the average level of reciprocity for each ego (i). Rank;, calculated using Page-Rank [78], measures

the relative social ranking of students based on the network of cooperation.
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1.3 Results

Figure [I-2] shows the emerging patterns of token sendings among students, where the total number
of sending combinations among classmates is 18,334. Panel A shows the bivariate distribution of
sent and received tokens. Peer interactions concentrate close to the corners. In fact, more than
15% of the exchanges are fully cooperative (Figure A T), while 22.1% of interactions are highly
defective and involve both students sending two or fewer tokens to each other (Figure B 1II).
Asymmetric interactions are also visible in the behavioral game. About 12% of interactions involve
a student sending ten tokens and getting two or fewer tokens in return (Figure B III). Also, we
observed that each student sent tokens across the entire range of values (Supplementary Figures
3.2), suggesting that the previous history of interactions among a pair of students matters for their
decision-making process [50] above and beyond pure strategies such as always cooperate or always
defect.

Figure B depicts a histogram summarizing the amount of sent tokens. The figure shows that
despite students could send any number of tokens between zero and ten, they mainly engaged in
either fully cooperative (sending ten tokens) or rather non-cooperative strategies (sending two or
fewer tokens).

Now, we ask, do students who participate in a high number of mutually cooperative relationships
increase their GPAs more than other students? We investigate if reciprocity, defined in each
exchange as the minimum amount between sent and receiving tokens (See Table , plays a role
in academic performance. Here, the ideal situation to correctly identify the reciprocity’s causal
effect in academic performance would be to exploit an exogenous variation in reciprocity. Still, it
is impossible to create such a variation in this type of experimental design due to the intricacies
between reciprocity and peer interactions. Instead, we rely on statistical tools [80] to estimate
the individual future GPA as a function of the individual-level average reciprocated cooperation,
controlling for different confounders. Omitted variables simultaneously determining reciprocated

cooperation and GPA improvement or reverse causality could provide biased point estimations.
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Figure 1-2: Patterns of sent and received tokens across all peer interactions. A) Bivariate distribution of
sent tokens. We observe three peaks describing the most commonly used strategies: I) Social optimum
(top-right). II) Nash equilibrium (bottom-left). III) Asymmetric exchange (bottom-right). B) Univariate
distribution for sent tokens.

Remarkable possible omitted variables affecting both academic performance and reciprocity are
intelligence, illness, and socioeconomic background (See Supplementary Notes 1.1 for more detail);
therefore, we provide proxy variables for them—prior academic performance, attendance, and
guardian’s education, respectively. However, we acknowledge that other unconsidered omitted
variables could play a role in the identification process. Yet, our statistical tools help us unveil a
cleaner effect of reciprocity on future GPA.

We rely on a two-fold identification strategy: first, refining the statistical model with relevant
controls and a fixed effect controlling for average classroom characteristics. Second, we implement
a complementary treatment intensity difference-in-differences-like estimation [81] to address some

concerns related to time-invariant unobserved confounders.
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We define the base statistical model (eq. by estimating the individual future GPA as a
function of the individual average reciprocated cooperation (R;, see methods section and Table

as:

GPA; = ﬁlRZ + 5281' + ﬁgRanki —+ 64GPA10 + ﬁ5G1 + 66141 + ﬁ7TESCz + 6.+ €;, (11)

where, G P A;; represents the GPA of the student 7 and e; is the error term. The effect of reciprocated
cooperation could differ between students with different levels of sent tokens and social status within
their classrooms, besides both variables are arguable correlated with GPA (See SM3.1 and Table
A.3)). To control for these sources of variation, we include the average number of sent tokens (s;)
and the PageRank (Rank;)—a network measure to proxy individual social ranking computed using
the full cooperation network (See Method sections and Table [L.1)). We also included traditional
confounding variables, such as gender (G;), percentage of class attendance (4;), level of education
of the guardian (TESC; = 1 if the guardian completed secondary school, 0 otherwise), and fixed
effects per classroom (6,).

Table displays the estimation for the model defined by Equation with a few variations in
control variables. Column 1 shows the effect of reciprocated cooperation (R;, presented as z-score
in the whole sample for interpretability) within each classroom. We control for classrooms’ average
unobserved differences using fixed effects ;. We note that 5.4% of the explained variance (R?
within) is due to the reciprocated cooperation within classrooms. However, to properly study the
effect of reciprocated cooperation and to avoid omitted variable biases, we need to account for
the individual average cooperation because, by definition, a higher average cooperation lead to a
higher reciprocated cooperation (see Table and Table Model 1). We also need to control for
individual social status (Rank;) measured as the PageRank network centrality [78; 82] (see Table
and Table Model 2) because a student with a higher social status will be the target of more

cooperation leading to an increase in their reciprocated cooperation. Therefore, column 2 shows our
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model controlling for sent cooperation and social rank, and we observe that the three variables are
significant and they explain 18.3% of the variation within classroom. Finally, column 3 shows our
model controlling for the traditional confounding variables. We note that previous semester’s GPA
(Grades before measuring GPA;y) quantifies individual previous accomplishment. Prior individual
GPA provides a proxy for individual talent and controls by several time-invariant confounding
variables that correlates with GPA, such as household income, practicing sports, among others.
We also included attendance percentage, the education level of the student tutor, and students’
sex. Thus, the total explained variance is 72.8% (See Supplementary SM 3.3 for a predicted v/s
observed values plot for model 3 using both future GPA as dependent variables).

We find a positive and significant effect of reciprocated cooperation on GPA. More precisely,
we find that an increase of one standard deviation in reciprocated cooperation is associated with
an increase of 0.094 units in future GPA. We note that GPA in Chile goes from 1.00 to 7.00, and
the average GPA of the first and the second analyzed semester are 5.87 + 0.58 and 5.79 + 0.57,
respectively. Therefore, the average variation between both semesters is Agps = —0.080. Thus,
the reciprocated cooperation effect size (0.094) and the average decrease of GPA between the two
periods (—0.080) are comparable. Indeed, the effect size is 117.5% of the average variation in GPA
between both semesters.

However, some meaningful unobserved confounding variables could be affecting our results.
For instance, changes in the classroom configuration, including new teachers, new students, or
increasing/decreasing the school income. Also, changes at the individual level, such as a new job
for the student’s guardian or a house move, would impact household income and social capital
outside of the classroom, respectively. Besides, other individual changes, such as a student’s illness,
a long trip, failing a school year, or family issues, would impact school engagement, among other
outcomes. However, we assume that most of these unobserved variables are time-invariant within
our study period spanning July to December 2017 (see Supplementary Notes 1).

Finally, to overcome all of the potential issues related to time-invariant unobserved confounders

and provide evidence on the magnitude of the relationship between reciprocated cooperation and
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Dependent variable:

GPA (after measuring)

1) (2) (3)

Reciprocated cooperation (z-score) 0.161%*% 0.394#4% 0.094***
(0.03) (0.05) (0.03)
Sent cooperation (z-score) -0.285*** -0.063**
(0.04) (0.03)
Rank (z-score) 0.145%%% 0.065***
(0.04) (0.02)
Grades (before measuring) 0.654%+%
(0.02)
Attendance (%) 0.010%**
(0.00)
Tutor comp. sec. school (yes) 0.019
(0.02)
Sex (Male) -0.055%*
(0.03)
Fixed effects Class-group  Class-group  Class-group
Observations 769 769 769
R? 0.268 0.368 0.746
Adjusted R? 0.222 0.327 0.728
R? within 0.054 0.183 0.672
F Statistics 41.079 54.010 209.438

Note:

p<0.1; **p<0.05; **p<0.01

Table 1.2: OLS regressions for students’ GPA after measuring cooperation. Note that these models show
results for 769 students because we do not have the data for Tutor complete secondary school for 86
students.

GPA improvement, we use a treatment intensity difference-in-differences-like framework [81]. Here,
our treatment intensity variable is individual average reciprocated cooperation (R;), a continuous

variable that induces variation at the individual level. Our specification is the following:

GPAy = B+ BoT + BsR; + BsAy + 0T X R; + €; + e, (1.2)

where ¢; represents individual-level fixed effects (we note that individual-level fixed effects absorb

classroom level fixed effects) and e;; is the error term. GPA;; is the GPA of student ¢ in period ¢,

24



Dependent variable:

(1)

GPA
(Diff-in-Diff)
(2) (3)

(4)

Reciprocity * Time 0.039%** 0.038%+%*
(0.01) (0.01)
Time -0.081F**  _0.094%FF  _0.102%**  _0.114%F*
(0.01) (0.01) (0.01) (0.01)
Attendance (%) 0.008*#%* 0.008%**
(0.00) (0.00)
Top 20% of Reciprocity * Time 0.106%** 0.100%**
(0.03) (0.03)
Fixed effects Individual  Individual Individual Individual
Observations 1710 1710 1710 1710
Students 855 855 855 855
R-squared 0.894 0.897 0.894 0.897
Adjusted R-squared 0.787 0.793 0.787 0.793
R-squared within 0.054 0.082 0.056 0.083
F Statistics 24.535 25.217 25.504 25.604

Note: *p<0.1; *p<0.05; **p<0.01

Table 1.3: Difference-in-differences-like estimation of GPA. Models 1 and 2 differ in the control variable
“class attendance”. In Models 3 and 4, we built a dummy variable for reciprocated cooperation. It takes
value 1 if the reciprocated cooperation level for individual 7 is in the top 20%, and it takes value 0
otherwise.
T represents the semester and it takes values 0 (before measuring, t = 0) and 1 (after measuring,
t = 1), R; is the treatment intensity (reciprocated cooperation), A;; is the class attendance for
both time periods, and finally, the diff-in-diff-like estimator is represented by 0. Table [1.3|shows
four variations of the specification showed in eq.

Therefore, we argue that our diff-in-diff-like estimator is consistent and robust with models
in Table [.2] Particularly interesting, is model 2 on Table [I.3] The diff-in-diff-like estimator is
positive (0.038) and significant (p-value< 0.01), above and beyond the effects of the unobserved

time-invariant individual characteristics (individual fixed effects). The size effect of our diff-in-diff-

like estimation (Model 2 Table is nearly the 40% of the associative effect presented in Table
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L2 model 3.

In model 4 Table [1.3] we set a dummy variable for the reciprocated cooperation as 1 for all
individuals in the top 20% of reciprocated cooperation and 0 otherwise. We observe a higher
size effect of reciprocated reciprocity (0.100), suggesting that the effect is heterogeneous in the
reciprocated reciprocity range. Indeed, as a robustness check, we estimate the effect of reciprocity on
GPA by setting nine dummies for different thresholds of reciprocity, ranging from the bottom-10%
to the top-10% of reciprocated cooperation (Table . Despite that the average effect is of
reciprocity is 0.038 (Table Model 2), we found that the effect of reciprocity increases from the
median to the top 10% reciprocity, confirming that the effect is more substantial for students over

the top-20% of reciprocated cooperation.

1.4 Discussion

Individuals’ position in their social networks is associated with educational outcomes at all ages
[THI3]. Moreover, the literature on social learning states a positive relationship between a student’s
social network position and academic performance. There are three possible and non-exclusive
explanations in this context: i) Central students get better GPAs through positive learning
externalities from their social connections; ii) Higher GPA leads to a higher status, resulting in
more central students in their social networks; iii) More talented students are more strategic in their
interactions and learn faster, leading to increases in GPA that expand the gap with less talented
students. Here, we provide evidence for the first explanation by studying cooperative patterns
in elementary school students using a video game based on game theory and a diff-in-diff-like
identification strategy.

Studying educational outcomes in elementary school is challenging because of the potential biases
in survey measurement instruments. Therefore, we implemented a lab in the field approach to map
students’ social relationships in their classrooms. Students played a non-anonymous social dilemma

on interconnected tablet computers through a friendly user interface where they had to choose
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how many tokens to share with their peers (Fig. A). Thus, we mapped the entire student’s
cooperative network in their classroom (Fig. [1-1| B). We found that students mainly engage in
three types of cooperative relationship: fully cooperative(Fig. , I), non-cooperative (Fig. [1-2]
IT), and relationships in which the cooperation is asymmetric (Fig. [1-2] III).

Then, we define reciprocated cooperation (Table as the minimum between sent and received
cooperation and found it improves elementary school students” GPA. We provided evidence on
the positive and significant effect of reciprocated cooperation and GPA used both linear models
(Table [1.2) and a difference-in-difference-like identification strategy (Table [1.3) exploiting an
endogenous treatment intensity variable [81]. In the former, we show that the effect of received,
sent, and reciprocated tokens survives even after controlling by confounding variables, such as
previous GPA, sex, class attendance, and the educational level of the student’s guardian. We
find evidence supporting reciprocated cooperation as a predictor of future GPA. In the latter, the
central assumption is that both control and treatment groups follow parallel trends in the absence
of our treatment intensity variable, the reciprocated cooperation. Changes in GPA follow the
same trend in the absence of reciprocated cooperation for all students. Some limitations exist
here. Any change within the time interval studied in a confounding variable that affects both GPA
and reciprocated cooperation could hinder our results. For instance, a change in family income
may impact reciprocity through the popularity of a student. Also, it may affect GPA through
getting a private professor or changes in the access to the internet [23]. Also, practicing sports
may impact reciprocated cooperation through popularity, and also it may affect GPA [22; [83] at
getting healthy. Thus, any change between the first and second semester of the academic year in
which the experiment was implemented in the level of a guardian’s student income or the student
started to practice a sport could have impacted reciprocated cooperation and GPA. These changes
would make the parallel trend assumption for our difference in difference specification unfulfilled
because we cannot control or measure any of these changes. It is always impossible to ensure that
parallel trends assumption is wholly fulfilled. Yet, we provide robust and consistent evidence of a

directional effect from reciprocated cooperation to GPA improving under the premise of parallel
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trends is fulfilled (see Supplementary Notes 1). On the other hand, by controlling for unobserved
time-invariant individual characteristics, we already account for all features that arguably do not
change from one semester to the next such as talent. Therefore, a different statistical setting is
needed to explore the role of talent stated in the third explanation mentioned before.

We found that the three social network measures—Social Rank, Sent cooperation, and Reciprocated
cooperation (see Table faccount for 18.3% of the variance within classrooms, where 5,4% is
given by Reciprocated reciprocity (Table [1.2]). The explained variance remains the same even after
controlling for all time-invariant confounders (Table . As a robustness check, we explored the
heterogeneity of the effect of reciprocity on GPA (Table and we found that the size effect of
reciprocity increases from 0.039 to 0.100 for students belonging to the top-20% of reciprocated
cooperation.

We consider this work to contribute to our understanding of the link between social networks
and learning outcomes and how novel methodologies such as experimental game theory can help us
in this endeavor.

From a methodological perspective, our results open new avenues for the role of game-theoretical
and network-based tools to leverage relational information in elementary education [53t [84] bypassing
the common biases of survey instruments. We contribute to the external validity of game-theoretic
experiments in school context, producing a measure of the individual’s social capital embodied
directly in the student’s relationships and indirectly by the configuration of the network as a whole
[84]. Using this approach, we are able to map a representative social network for a group of young
people with a common history [50].

Finally, from a policy perspective, the natural question to ask is what kind of intervention might
improve students’ academic performance by optimizing the potential benefits of cooperation. Our
results, together with the lack of GPA homophily (see Supplementary Notes SM 1.2, Fig. [A-1
and Table , suggest that encouraging social relationships through, for instance, interventions
of the spatial arrangement of the class [85], fostering community-school partnership [86; [87], an

instructional design that promotes the formation of social ties in the classroom [10; 13} 35} [36; 88H92],

28



or any other intervention that aims to support cooperation in classrooms [76} [93H96] are potentially
fruitful alternatives to explore. Thus, we open the possibility for intervention by promoting
relationships within the classroom that might significantly affect the academic achievements of

primary students.
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Chapter 2

Cooperative relationships and
bullying/victimization in the classroom:

insights from an experimental approach

Abstract

Positive effects of cooperative learning on students have been found and replicated in many different
cases and contexts, from general outcomes like greater effort to achieve, better relationships
between them, and improved psychological health to more specific ones like lowering bullying
and victimization in the classroom. However, the general relationship between bullying and
cooperation, and particularly how bullying-involved students have different cooperative dispositions
in a classroom small scale cooperative network is still widely unexplored. Using a video-game-like
interface, we implement a novel game-theoretical dyadic non-anonymous social dilemma in 47
public primary school classrooms in Chile to map the underlying cooperative network for each
class. We also collect data from school records and a self-report instrument on bullying behavior.
We characterize how bullies, victims, and bully/victims differ in their cooperative behavior. Using
multilevel modeling and node-level topological measures of the cooperative network, we consistently
found that victims and bully/victims are negatively related to receiving cooperation. This relation
holds when we control for demographic characteristics and contextual effects over the classroom.
These results open new applications and expansions of both methods and findings to understand
and design better measurements and interventions of cooperative behavior and students involved
in bullying.
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2.1 Introduction

Cooperation has been at the heart of our success as a species since the first humans lived in small
bands of hunter-gatherers [1H4]. In modern societies, cooperation in small-scale groups—analogous to
upper paleolithic bands—places a crucial role in the success of such groups and their members. Some
remarkable cases are: sustainability of common-pool resources exploited by small communities
[5], use of collective intelligence to effectively tackle group tasks within organizations [6], and
cooperative learning in schools [7].

Scholars in the cooperative learning community have focused on theories, interventions (i.e.,
change procedures and systems of incentives in the school and its actors), and impact analysis. They
have consistently found and replicated a positive effect between a cooperative learning environment
in the classroom and learning and academic achievements at different levels (e.g., [8]). They have
caught other novel and promising effects of cooperative learning implementation in classrooms like
a decrease in bullying and victimization (e.g., [9]). However, particular mechanisms and relational
and individual-level understanding of how bullying and a cooperative learning environment, and
more generally, cooperative behaviors and dispositions between students and cooperative structure

in the classroom relate, are primarily unknown.

Bullying Behavior

Bullying behavior is defined when a person is a victim of constantly aggressive behavior from one
or more peers over time and without the chance to defend himself, implying a power imbalance
[10; 1T]. This seminal work focused on defining profiles for victims and perpetrators of this behavior
[T0H12], and differentiating children who were both involved in bullying situations as victims and
perpetrators, calling them “provocative victims.” More research consistently confirmed this third
type of profile directly involved in bullying, youths who are identified as bullies and as victims
simultaneously, usually referred to as bully/victims [13-16].

However, by its own previous definition, bullying behavior is aggression between peers that
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operates within relationships of different kinds inside a group[l7]. Thus, not only individual
characteristics such as aggressive dispositions but also social relationships become crucial to a
better understanding of it. Social network methods have become more prevalent in the study of the
bullying phenomenon [I7; [I8] in order to capture this relational dimension. Furthermore, several
authors highlight that bullying is a “group process” [19]. Two important implications derive from
this idea: Peers that are not directly involved (usually called bystanders or non-involved) can also
play a crucial role, whether assisting or reinforcing bullies, walking out of the situation, or stepping
up to defend the victim. Also, group features like social climate and learning environments can
affect bullying.

Previous research indicates that when comparing the peer relations of bullies, victims, and
bully-victims to the rest of non-involved children, victims tended to have fewer social skills and
were more likely to be socially marginalized (i.e., isolated or have few playmates), bully-victims
were more aggressive and more likely to have fewer playmates, and bullies were more aggressive

and had more leadership skills and larger social clusters than non-involved children [20].

Bullying and Cooperation

Just a handful of studies have explored relations between bullying and cooperation. For instance,
in a surveyed social dilemma run in a private residential school among middle school students,
the intervention of a bystander in a bullying situation was not efficient and even dangerous for
stopping bullying [21]. Group intervention could be more effective, but it was unlikely that others
subjects would want to cooperate. Then, the individual best response strategy (and therefore
theoretical Nash Equilibrium) was not to defend the victim, even though everyone would be better
if there were a collective action to stop bullying [21]. Another example is the work of Schuster
[22], who runs, in a small sample of students, a prisoner’s dilemma where she sets a condition of
changing hypothetical targets (receivers) to being victimized students and taking into account

bullying conditions of players too.
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Cooperation, cooperative relations, and Experimental Game Theory

Indeed, not all group members benefit from cooperation in the same way, and cooperative disposi-
tions between members vary by many factors. Cooperative network structures emerge and change,
and positions in that network are particularly important because, for instance, allow students to
reap the benefits of social learning and improve academic performance[23; 24].

In order to capture this ecological complexity of cooperation between classmates, we posit a
novel method to elicit the underlying “cooperative network” using an experimental approach
based on a game-theoretical paradigm. We use experimental game theory based on the premise
that cooperative social norms that are prevalent in the real world can penetrate laboratory (and
lab-in-the-field) behavior [25]. Concretely, there are previous studies that found that individuals
who are more cooperative in the real world also behave more cooperatively in the lab [26] 27]. Also,
groups who achieve higher levels of cooperation in the real world attain higher levels of aggregate
cooperation when playing a social dilemma in the lab [26}; 28-31].

The experimental literature has slowly moved to study real-world populations (e.g., [32]) and
involve games implemented in the field which stylistically represent social dilemmas that agents
face in real-life (e.g, [33; [34]). Other social science disciplines have also proposed using games that
depart from classical protocols derived from experimental economics. Therefore, taking advantage
of revealing individuals’ preferences in ways that observational and survey or interview data cannot.
At the same time, thoughtfully altering design and framing in a way where outcomes do provide
insights into real-world behavior in that particular situation and context [35].

In our study, we focus specifically on the nature of cooperative relationships of students within a
given class. For this purpose, we design a game where students face a dyadic social dilemma [36; 37]
to gather information about students’ dispositions to cooperate with each of their classmates.

A social dilemma is a scenario in which individual and collective interests collide. There are
incentives to maximize individuals’ payoffs, while this can only be achieved by generating a

sub-optimal collective performance [3§].
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In our specification of the dyadic social dilemma, once two class members are matched, they
simultaneously decide how many tokens they will send to their partners out of an endowment of
ten tokens. Each token a student sends to his/her partner is multiplied by a factor of two. The
total payoff for a student in each social exchange is given by the tokens he receives from his partner,
aggregated with the tokens he/she keeps for him /herself. Although both players could gain from
this exchange: for instance, if both players send all of their tokens to their partner, both will end up
with twenty tokens, doubling their initial allocation and both being in a better situation than both
keeping all their tokens. However, in any case, the unilateral best response (to maximize payoff,
meaning getting more tokens) for any player is never to send tokens. Then, Nash Equilibrium of
the game is that both players send zero tokens.

Students played synchronously in dyads using connected tablets with a simple but engaging
video-game-like design. All possible pair combinations within the classroom have to play the
game once, i.e., a round-robin design. Then, a complete weighted cooperative network can be
elicited by using each decision of sent tokens from student A to student B as a weighted directed
edge between Student A and Student B. The use of tablets and a friendly interface might help to
mitigate cognitive barriers [39] and induce greater levels of engagement. In addition, the use of a
behavioral instrument -versus a peer nomination survey- is also particularly appropriate given the
developmental stage of the subjects in our sample.

To characterize the nature of each student’s cooperative relationships, we compute two straight-
forward node-level standard topological measures of network centrality, weighted Instrength and
weighted Outstrength. Instrength can be interpreted as the average disposition to cooperate from
their peers towards him/her by receiving tokens from them, and Outstrength as the student’s
average disposition to cooperate with the rest of their peers by sending tokens. We also compute a
dyadic measure of reciprocity posited by Squartini et al. [40], Reciprocity strength. Reciprocity
strength measures, on average, how many tokens that the agent sends within each game are
reciprocated by their classmates, i.e., a student with high reciprocity strength is a student who is

involved in many relationships with high levels of mutual cooperation.
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In order to identify the distinct nature of cooperative relationships for Bullies, Victims, and
Bully/Victims, we explored how Instrength, Outstrength, and Reciprocity Strength vary across
bullying categories. We use multilevel models to control for class-level effects. Our results show
that the different types do not differ in terms of the average cooperative dispositions toward the rest
of his/her classmates (out-strength), indicating that this variable by itself is not very informative.
We also show that cooperation towards a student (Instrength) is (compared to non-involved) lower
for victims and bully /victims but not for bullies. This negative association between being a victim
or a bully-victim and in-strength is “robust” to other controls (GPA, attendance) and to controls
at the classroom level, both demographic (course GPA, course attendance) and also to bullying
contextual effects (Average bullying and victimization score of the class). Finally, we show that
being categorized as a bully is negatively and significantly associated with reciprocity strength. This
association is robust to bullying contextual effects but vanishes when controlled by demographic
variables. Contextual effects are significant, with class level of victimization negatively associated
with Instrength and Reciprocity strength, and class level of bullying positively associated with

Reciprocity strength.

2.2 Methods

2.2.1 Participants (Sample)

This research took place in a public school district of a municipality in a central metropolitan
area of Chile. We implemented our data collection over 47 classrooms from 14 schools in this
district, from grades 3rd, 4th, and 5th, with an approximate average age of 9.78 years and a gender
ratio of 57% girls and 43% boys. Also, data from student school records were collected. In Chile,
elementary and middle schools are usually part of the same institution, and it is quite common

that most of the students in the sample have been classmates since first grade.
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2.2.2 Procedure

Data was collected during the 2017 school year as part of a larger study, implementing our game
and questionnaires simultaneously to a whole class per time. More details can be found in the
supplementary material. Active consent for participation of schools in this activity was obtained
from principals and class teachers. Passive consent was obtained from parents/guardians. Our data
collection methods and the experimental protocol were approved on May 4, 2016, by the human

subjects review board of Universidad del Desarrollo (IT15110079).

2.2.3 Instruments and Measures
Bullying and Victimization Score

[linois Bullying Scale was used to measure bullying and victimization scores from students. Of the
three constructs from the original instrument, we only used two, Bully Score and Victim Score.
Confirmatory Factor Analysis and Item Reliability were checked (see more details in SM).
Self-Reported Bully Score (SRBS).

We used the University of Illinois Bully Scale (UIBS [41]) self-report survey to assess bullying
behavior, which includes teasing, social exclusion, name-calling, and rumor spreading [42}; 43].
Students were asked to indicate how often in the past 30 days they have engaged in each behavior
(e.g., “I teased other students”). Response options were “Never”, “Almost never”, “Sometimes”
and “Almost always”, and coded 1 through 4 accordingly. The construct validity of this scale has
been supported via exploratory and confirmatory factor analysis [41]. In a different study with a
similar population, Varela et al. [44] reported a mean of M = 1.50 and a SD = 0.74 as raw scores.
In this study, the level of reliability achieved was over our defined Cronbach’s alpha acceptance
cutoff (aw = 0.828).

Self-Reported Victimization Score (SRVS).

Victimization from peers was assessed using the University of Illinois Victimization Scale (UIVS;

[41]). Students answer how often the following things have happened to them in the past 30 days
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(i.e., “Other students picked on me,” and “I got hit and pushed by other students”). Response
options were “Never,” “Almost never” “Sometimes” and “Almost always”. The scale was not
significantly correlated with the Illinois Bullying scale (r = .12), providing evidence of discriminant
validity [43]. This scale also converged with peer nomination data [43]. In another study with a
similar population [44], mean score and SD of 1.92 (0.99) were reported. For this study, the level

of reliability (Cronbach’s alpha) achieved was o = 0.802, which is over our acceptance level.

Bullying Categories

A combination of Self-Reported Victimization Score and Self-Reported Bullying Score were used to
define four mutually exclusive Bullying-involvement subtypes. These are: Bully, Victim, Bully-
Victim, and Non-Involved. Standardization by gender was performed for SRBS and SRVS of
all students by subtracting its corresponding gender-specific mean of the whole sample and then
dividing by gender-specific standard deviation of that item. A 0.5 standardized score (0.5 SD
over whole sample gender mean) was used as a cutoff to identify Bullies and Victims, to be
consistent with other studies that differentiate among these four subtypes [I3-16]. The specific
criteria were that if students had 0.5 SD above on the gender-standardized SRBS and 0.5 above
on gender-standardized SRVS, they were classified as Bully-Victim. If they had above 0.5 SD on
SRBS and less than 0.5 SD on SRVS, they were categorized as Bully. If they had above 0.5 SD
on SRVS and less than 0.5 SD on SRBS, they were classified as victim, and if they had less than
0.5 on both scores were classified as Non-Involved. Standardization by gender was used because
girls usually have lower average scores than boys in bullying scores and, in this case, victimization
scores. So we want to induce some gender balance in categories. In this sample, mean SRBS score
for boys was 1.90 and for girls was 1.55, and doing a simple t-test on difference in means shows a
significant difference (0.35,¢ = 10.06), same for SRVS, mean for boys 2.49, for girls 2.28, difference

of 0.21,¢ = 3.89.
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The Game

Students play a modified version of a prisoner dilemma game. Each player is paired with a different
classmate in every round. Every dyad has a one-shot interaction, with n — 1 rounds for a class of n
students. Given our focus on the relational dimension, we depart from the standard protocol, so
players are informed with whom they are paired in every round (a non-anonymous or onymous
frame [45]), and they simultaneously play the “Allocator” and the “Receiver” role. We give a
general aggregate result over the total sent and received tokens after the game ends as general
feedback, not giving results on each round.

All players receive an endowment of ten tokens each round, and they have to decide if they want
to send tokens to the Receiver, choosing from zero to ten, keeping the rest. For every sent token,
their classmate receives two tokens. So, the total number of tokens that a student gets in a round
equals the number of tokens they kept (in their allocator role) plus twice the number of tokens
sent by the other player to her. Hence, the couple maximizes the total number of tokens earned
when they both cooperate (mutually give all their tokens to each other, in total, 20 tokens per
student), but a single student maximizes his tokens when he defects (keep all his (10) tokens) and
the other player cooperates with all of his tokens with him (10 tokens doubled, 20 tokens, giving a

total of 20+10=30 tokens to the first student and zero tokens for the second one).

Network Elicitation and Network measures

We use the game described in the previous section to map a cooperation network for each classroom.
In each dyadic interaction, tokens sent from student i to student j are represented with a directed
edge from i to j with weight equal to the number of sent tokens.

For the regression analysis, we build the following individual-level topological measures from the
elicited network.

Weighted in-degree or Instrength, calculated as the sum of all weights of edges directed to a

student, and equivalent to the total received cooperation by a student.
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Figure 2-1: The Dyadic Social Dilemma. Example: I) Both players are endowed with 10 (ten) tokens. B)
Simultaneously, Player A decides to send 3 tokens, and Player B decides to send 2 tokens. III) Sent tokens
are doubled. Player A receives 4 tokens and second player receives 6 tokens. Note: Reprinted from [46]

Weighted out-degree or Outstrength, calculated as the sum of all weights of edges directed from
a student to all other classmates, and equivalent to the total sent cooperation by a student.

Reciprocity Strength, calculated as the sum of all reciprocated weights of a student. Reciprocated
weight is the minimum weight in a dyad.

In order to have comparable quantities between classrooms with different number of classmates,
we divided each quantity by n — 1 where n is the number of students in that class that played the
game. Therefore, values for every student can only take values between 0 and 1.

Reciprocity was initially posited as a topological measure of a weighted network by Squartini et

al. [40].
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Figure 2-2: Example from a hypothetical class with N = 4 students. A) Tablet computer platform. B)
Adjacency matrix where w;; represents the tokens sent from student ¢ to student j in the dyadic game.
C) Cooperative weighted network that graphically represents the information displayed in the adjacency
matrix. The width of the edge represents the amount of sent tokens and the node’s size, the number of
tokens each student ended up with at the end of the game. Node color indicates the bullying category
assigned to the student.

Multilevel Methods

Educational data usually have a nested structure, so multilevel models are usually a suggested
solution to deal with this non-independence and model the data structure. Also, multilevel modeling
allows us to model variance even if we are controlling over a higher-level variable, which is not
possible with, for example, a multivariate regression model with fixed effects. Given that students’
behavior in the game was measured in the classroom toward other students from the same classroom
without anonymity, our cooperative variables are naturally nested and non-independent between
classrooms, and we are also interested in bullying and victimization effects at the classroom level,
we are looking for potential contextual effects, so using multilevel modeling to analyze our data
seems an appropriate choice. Furthermore, with multilevel models, it is possible to add higher-level
variables to the model to estimate its effects. This is also possible via aggregating variables from a
lower level, and then we can estimate “contextual effects”.

For many reasons, multilevel models are usually centered and standardized. Most common
centering practices are grand mean centering and cluster/group mean centering. We decided to
standardize all our independent variables following [47] (using the R package arm), which is a
grand mean centering for numeric variables, proportion centering for binary categorical variables,

and standardization by dividing each variable over two standard deviations of that variable.
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These models were implemented in R, using the lme4 package [48]. Other packages were used
to clean and tide data (Tidyverse [49]), run confirmatory factor analysis (lavaan [50]) and to plot
results and create tables and figures (sjPlot, [51]). Missing data were handled using listwise deletion,
removing subjects from all the modeling. All individual student level variables were aggregated by

classroom to form level 2 variables.

2.3 Results

2.3.1 Descriptive Results
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Figure 2-3: Individual behavior in the dyadic social dilemma: Histogram of sent tokens (individual
level).

We first report general behavior towards the game. First, sent token distribution. Given that

each classroom can have a different number of rounds, given by (n — 1), where n is the number of
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Figure 2-4: Histogram of min-max sent tokens by students .

kids that were authorized to participate in this activity that day. Then, figure is weighted by
the student, where regardless of the different number of rounds given by class size, each student
contributes the same uniform weight to the model. In any case, the general result does not change
much by taking into account this weight or not.

We plot a matrix-like heatmap where “hot spots” are dyads that are more frequent (towards
red) and less frequent (towards yellow). This is a good visual queue, and it is fairly clear to the
eye that more frequent dyads are mainly clustered in three places: Dyads with a lot of mutually
highest cooperation (10-10 dyads, for example), dyads with mutually low cooperation (0-0 and 1-1,
1-0, 0-1, and even 0-2,1-2,2-2) and highly asymmetric dyads (10-0, 10-1, 10-2). The predicted Nash
equilibrium from using game theory to “solve” the game, assuming rationality of preferences and
individual payoff maximization measured only in tokens, would be sending zero tokens for both

players. However, despite 0-0 having an important frequency (almost 4.5%), it is just half of full
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Figure 2-5: Dyadic behavior in the social dilemma: Histogram of experimental outcomes at the
dyadic level over all sample.
mutually cooperative dyads (10-10) (9.18%). Then, this heatmap clearly shows that most of the
plays do not fall into mutual non-cooperation.

As we explained in the Methods section, from the results of the implementation of the experiment
using a set of networked tablets, we elicit the structure of cooperation for each class. Below we

plot one example classroom network for an illustrative class:

2.3.2 Multilevel Analysis

To account for the amount of variance nested in student and classroom levels, we run null multilevel
models on each of the four cooperative network metrics with random intercepts for Classrooms.
Although it would have been interesting to include a separate level for schools, the low number of

them made it not feasible to estimate reliable models with that specification. Distributions of these
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Figure 2-6: Classroom reciprocity network: Red nodes correspond to bullies, purple nodes to
bully/victims, light blue to victims, and green nodes correspond to non-involved. Linked nodes correspond
to relationships in which both members of the dyad sent more tokens to their partners than what they
sent on average to the rest of the class members, i.e., they have a relation of mutual cooperation. In this
case, victim and bully/victims are mostly located on the periphery of this network.

three variables (Instrength, Outstrength, and Reciprocity Strength) were quasi-normal, allowing
us to run linear multilevel models. Intra-Class Correlation (ICC) is 0.454 for Instrength, 0.116
for Outstrength, and 0.331 for Reciprocity Strength in this first round of models. These variance
partitions verified that a multilevel analysis is pertinent.

Then, we explored whether self-perceived bullying-involvement categories had different coopera-
tive network metrics than the non-involved category, fitting models with bullying categories as
predictors.

Figure shows that taking Non-Involved as base category, we find that point estimates of all
three bullying categories, compared to Non-Involved students, post a negative effect over Instrength,
finding significance at p < 0.05 for victims and bully-victims using null hypothesis significance

testing, shown in panel A. In B, the same model for Outstrength shows no significant differences

between categories and non-involved students. In C, the point estimate for Bully category effect
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Figure 2-7: Comparison across bullying categories for topological measures: Panel A: Instrength,
Panel B: Outstrength, Panel C: Reciprocity Strength. Base category: non involved children.

over reciprocity strength was significant and negative.

Three sets of models were built to explore further relations between bullying categories and
Instrength, Reciprocity Strength, and Outstrength (the last one was not shown because it did not
have any significant relation). All models are standardized and centered following these specific
recommendations by Gelman [47]. The model in the first column is the same model from which
coefficients were shown in figure The second one adds Classroom means for Bully Score and
Victim Score. And the third add control variables at the individual and classroom levels.

So, in table the Instrength set of models shows that victim and bully/victim negative effects
keep sign and significance. The Classroom Victim Score (CVS) variable appears significant with
a negative sign and holds after adding controls. We also found a significant negative sign in the

comparison of Instrength difference between Grade base category (students in third grade) and 5th
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Instrength  Instrength Instrength

(Intercept) 0.4987** 0.4964** 0.5365**
(0.0137) (0.0127) (0.0218)
Bully —0.0162 —0.0162 0.0046
(0.0096) (0.0096) (0.0088)
Victim —0.0183* —0.0173*  —0.0187**
(0.0077) (0.0077) (0.0070)
Bully-Victim —0.0403** —0.0397** —0.0267**
(0.0091) (0.0091) (0.0083)
Classroom Mean Bully Score 0.0418 0.0501
(0.0315) (0.0366)
Classroom Mean Victim Score —0.0928**  —0.0814*
(0.0327) (0.0342)
Gender (0 = F) —0.0060
(0.0065)
Classroom Gender Ratio —0.0159
(0.0320)
Attendance 0.0091
(0.0060)
Classroom Mean Attendance —0.0307
(0.0242)
Grade (4th) —0.0498
(0.0295)
Grade (5th) —0.0879*
(0.0347)
GPA 0.0877***
(0.0065)
Classroom Mean GPA —0.0276
(0.0318)
Num. obs. 1112 1112 1112
Num. groups: clase 47 47 47
Var: clase (Intercept) 0.0080 0.0067 0.0064
Var: Residual 0.0095 0.0095 0.0078

***p < 0.001; **p < 0.01; *p < 0.05

Table 2.1: In-strength (average weighted in-degree) and bullying categories profiles.
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grade, and also a significant positive coefficient with individual GPA and Instrength.

In the Reciprocity Strength set (table , bully category maintains significance and negative
sign when Classroom Bully Score (CBS) and CVS are added to the model. However, this effect
vanishes when we control for other variables. The significant terms in this last model are CBS and

student’s GPA with a positive effect and CVS and 5th Grade category with a negative effect.
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Reciprocity Strength Reciprocity Strength Reciprocity Strength

(Intercept) 0.3155** 0.3127*** 0.3439**
(0.0134) (0.0121) (0.0213)
Bully —0.0268* —0.0269* —0.0145
(0.0117) (0.0117) (0.0116)
Victim —0.0076 —0.0058 —0.0073
(0.0094) (0.0094) (0.0092)
Bully-Victim —0.0187 —0.0178 —0.0113
(0.0111) (0.0111) (0.0109)
Classroom Mean Bully Score 0.0537 0.0727*
(0.0296) (0.0356)
Classroom Mean Victim Score —0.1032*** —0.0962**
(0.0307) (0.0332)
Gender (0 = F) —0.0149
(0.0086)
Classroom Gender Ratio —0.0262
(0.0311)
Attendance 0.0131
(0.0079)
Classroom Mean Attendance —0.0230
(0.0235)
Grade (4th) —0.0335
(0.0286)
Grade (5th) —0.0696*
(0.0336)
GPA 0.0469***
(0.0086)
Classroom Mean GPA —0.0229
(0.0309)
Num. obs. 1112 1112 1112
Num. groups: clase 47 A7 47
Var: clase (Intercept) 0.0071 0.0056 0.0057
Var: Residual 0.0142 0.0142 0.0136

***p < 0.001; **p < 0.01; *p < 0.05

Table 2.2: Reciprocity-strength (weighted level of mutual tokens exchanged during the participation in
the game) and bullying categories profiles
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2.4 Discussion

In our experimental setup, every pair of students in a given classroom faced a potential situation
where they could exert different cooperation levels with their peers and potentially have mutual
benefits if they both honored cooperation, with the risk of being exploited, the temptation of
exploiting others, and the certain possibility of end up mutually punishing the other, trapped in a
bad nash equilibrium. This setting tried to resemble everyday interactions, where they constantly
face many different repeated social dilemmas with other classmates. Thus, we are interpreting the
outcome of each dyad as a proxy for the current cooperative disposition toward each other, given
the previous interactions between them in similar situations of school life (e.g., the possibility of
studying together for a test, sharing food, defend each other, etcetera). Our descriptive results are
consistent with this interpretation. The distribution of sent tokens (figure is quite variable for
students, with the highest frequencies given by extreme values zero and ten, but also a considerable
percentage in between them, which in general supports the expected variability of the cooperative
dispositions toward different classmates. However, this measure involves both within-students and
between-students variations. Going deeper, figure helps us isolate within-student variation and
keep showing a high variation of sent tokens. Figure points to three focal points in dyadic
outcomes, which again confirms that even though there is a considerable amount of mutually
non-cooperative (or almost-non-cooperative) relations, most of the dyads do not fall into nash
equilibrium. We expected this, considering that classmates are not strangers, and many types of
relations will influence dyadic behavior away from mutually low cooperative interactions.

It is crucial to make two statements to consider in discussing the remaining results. First, the
main result in the literature about bullying and cooperative learning is that a more cooperative
environment in the classroom has a consistent effect on lowering bullying and victimization. Second,
given the scope and limitations of our data and experimental design, we clearly cannot provide
evidence of causality or directionality of the relations we have found. So, to answer our main

question about the difference between topological metrics of students self-reported in bullying
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categories, we will summarize our findings, see how they relate to this main result, and review
some general implications and future work.

Self-reported victims and bully/victims received significantly fewer tokens than non-involved
classmates. However, we can state that this relationship is robust after controlling other individual
and classroom features. These findings might narrow down possible hypotheses to test why and
how this consistent effect works. For example, a focused intervention that creates incentives to
engage in cooperative behaviors with victims and bully/victims in the classroom, to test whether
an increase in received cooperation of victims and bully/victims causes lower future bullying and
victimization scores.

Another remarkable outcome is that the Classroom Victimization Score had a negative and
significant relation with Instrength that holds with all controls added to the model. This result
can be interpreted as a contextual effect, i.e., victims and bully/victims of classes with higher
mean victimization score receive even less cooperation than victims and bully/victims from classes
with low mean victimization score. This relation was expected and consistent with this major
cooperative learning and bullying finding. In that result, there is a directionality that is: more
cooperation would cause less victimization. With our method that measures cooperation, one
possible way to expand research could be trying the other direction, i.e., testing if we make an
intervention that brings mean classroom victimization levels down, would people cooperate more
with each other?

In the second set of models, none of the involved categories shows differences in Oustrength
with non-involved students. We stated before that there is a considerable amount of variance
within-student, but recalling that Oustrength is equivalent to average sent tokens for a student,
the absence of a difference between bullying categories shows that this particular point estimate is
not very informative. A straightforward suggestion would be to explore more fine-grained metrics
that can better characterize this variance within-student.

The third set of models that explains reciprocity displays a negative coefficient for bully category

on the simpler models but vanishes when we add all controls. CBS and CVS appear with significant
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coefficients in the last model, with a positive and negative sign, respectively. CBS positively related
to reciprocity might sound paradoxical. A possible explanation would be that the total distribution
of students’ bully scores is highly right-skewed. However, not all classrooms show this distribution,
so classes with higher CBS, holding all else constant, usually have less-skewed, more symmetrical
distributions. This would also mean that distance and power imbalance between classmates have
decreased, which is a less hierarchical environment that could be a mechanism that explains how
higher CBS is associated with higher reciprocity.

What could be some new applications of these findings? e General Interventions: e.g. Cooperative
learning: measuring cooperative networks before and after on treated and non-treated groups,
to explore how treatment changes cooperative networks and topological measures on individuals.
o Targeted interventions: e.g., Giving incentives to collaborate with victims and bully/victims.
« Using experimental game theory to measure context-specific behaviors and dispositions in a
relational framework. e.g., design a game on a specific social dilemma over behavior in bullying
situations. e Combination with other network elicitation methods like sociograms or proximity
badges (IoT) to have more precise measurements. e Using these methods to study cooperative
networks of small groups in other contexts. e.g., How teams cooperate in different industries like
software development, product design, or competitive sports.

Understanding precise mechanisms of the relation between cooperative and bullying behaviors is
crucial to improving future generations’ learning, engagement, and well-being at our schools. There
is plenty of room for major improvements in future work, starting with designing better, actual
experiments that make causal inferences. Our game shows impressive preliminary results, but more
specific data needs to be collected to state that our measurement is clear and straightforward and
that we have thought and ruled out any alternative explanation, effectively narrowing down the
options. If we improve this tool and collect more data over more than one time block, we can
not just explore but make inferences and try to look for causal evidence over the specific effect of
cooperative relations not only on bullying and victimization but on many other important student

and classroom outcomes. Given that small-scale cooperative networks are the building blocks for
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cooperation at large scales, understanding and improving cooperative relations in the classroom is

not just important but absolutely necessary as maybe our best chance to face new challenges and

global threats such as new pandemics and climate change.
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Appendix A

Chapter 1: Supplementary Material

Supplementary Notes

SM 1.1: Parallel trends in difference-in-differences-like identification

strategy

We use a difference in difference-like identification strategy to analyze the impact of reciprocity in
academic performance that relies on the condition of the parallel trend for a causal interpretation
of results.

It is crucial to consider some socio-economic configurations of Chile to evaluate the plausibility of
unobserved time-invariant confounding variables in our difference in differences model specification.
First, from elementary to high school, students remain together with their classmates in all classes
the whole year, and even the entire school cycle, i. e., students spend together around 8 hours per
week, five days a week from March to December each year of the school cycle.

Second, given the academic year starts in March, it completely overlaps with the fiscal year of
Chile (which begins on January 1st). Thus, both the socio-economic configurations in Chile and
our data collection design, which spans 2017, allow us to assume that classroom and school-level

changes are infrequent plausibly. At the individual level, the probability of a student’s guardian
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job changes or student’s housing moving is very low within the fiscal year, mainly because these
changes usually occur in holidays, between December and March, quite motivated by economic
reasons.

Third, we can reasonably assume that some of the variables impacting student engagement also
remain time-invariant, such as long programmed absences or failing the school year (this decision
is taken by the school at the end of the school year, in December). However, illnesses and family
issues are not constrained to systemic configurations, and they directly impact class attendance;
that is why we control for class attendance in both observed periods.

Finally, our data comes from vulnerable public schools in a peripheral county of the capital region
of Chile. Then we can assume a certain level of homogeneity in household incomes. Moreover, we
controlled for the guardian’s level of education as a proxy for household income. Therefore, we are

also capturing income variations.
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SM 1.2: Homophily Index for GPA

Our proposed approach for mapping the social capital network in elementary classrooms unveils
the non-existence of homophily between students regarding GPA. We calculate the homophily

index [1] as follow:

H, = corr ( N ZGT) (A1)

where G, represents the GPA of the ego student “i” and G}, represents the GPA of the alter
student “j”. N indicates the number of students with whom the ego shares the same reciprocity
level, r. The superindex r represents the level of reciprocity in the interaction. Those levels are: i)
Low reciprocity (0.0) includes the interactions where egos and alters send fewer tokens than their
average amount sent to the rest of their class. ii) Positive asymmetry (0.1) includes the interactions
where alters send more tokens than their average sent tokens and egos send fewer tokens than their
average sent amount, regarding their class. iii) Negative asymmetry (1.0) includes the interactions
where egos send more tokens than their average sent tokens and alters send fewer tokens than their
average sent amount, regarding their class. iv) High reciprocity (1.1) includes the interactions
where egos and alters send more tokens than their average amount sent to the rest of their class.
Fig. shows that in the “Cooperation Network” most of the classes have Homophily Indexes
non-significantly different from zero, with both GPA before and after measuring. This finding is
interesting because it has been shown that GPA modulates social relationship in older students—High
School, undergrads, and grad students—[1H3], however, here we provide evidence on this behavioral
pattern does not manifest in elementary school students. Thus, interventions to promote and boost
cooperative social relationships could be possible to improve academic performance, by exposing
students with low GPA to the idea flow and information of the students with high GPA [4].
These results implies that cooperative interactions in children do not seem to be driven by

academic homophily.
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Table A.1: Homophily Index of Cooperation Networks on GPA before and after measuring, by Class

Class ID Homophily Index Homophily Index

GPA (Before) GPA (After)
10 -0.1947 0.0042
11 -0.1993 -0.3993
12 0.2509 0.5652 **
13 -0.2539 -0.3811
14 0.8272 *¥* 0.7763 ***
15 0.5044 0.0851
16 -0.2429 -0.2542
17 -0.2446 -0.0952
18 0.0499 -0.2112
19 0.0986 -0.1119
20 -0.0348 0.0633
21 0.0708 0.1366
23 0.0893 0.5436 ***
24 -0.1848 0.2128
25 -0.311 -0.456 **
26 -0.0834 -0.3109
27 -0.1472 -0.1304
28 0.1729 0.462 **
29 -0.5273 ** -0.2093
30 -0.3425 -0.4028
31 -0.2936 0.1011
32 -0.2142 -0.1654
33 0.3756 * -0.1863
34 -0.8316 *** -0.2617
35 0.5746 * -0.2938
38 -0.1215 0.2298
39 -0.2444 -0.48 *
40 0.3102 0.6662 ***
41 0.0607 0.1991
42 -0.5799 * -0.3401
43 0.045 -0.4457
44 -0.1497 -0.0175
45 -0.09 -0.5937
46 -0.5 ** -0.305
47 -0.6942 * -0.6366
48 -0.8405 ** -0.6899
49 -0.3657 -0.1622
50 0.2362 0.2207
51 -0.0339 -0.1241
52 0.2206 0.4032 *
55 -0.0127 0.0591
56 -0.0086 0.4444 *
57 -0.454 ** -0.3179
58 -0.1344 0.0492
59 0.1459 -0.5666 **

70



Cooperation Network Friends Network

Significance

No
® Yes

1.0

0.8

0.6

0.4

0.2

Homophily Index

-0.6

-0.8

-1.0

GPA (before) GPA (After) GPA (before) GPA (After)

Figure A-1: Homophily index according to GPA in elementary school students. The homophily index for
high reciprocity is non-significantly different from zero, which means that elementary students do not
build their cooperative disposition based on the GPA of their peers. The significance is given by color,
and it represents a p-value under 0.1. Most of the rest of the homophily coefficients are low if we compare
them with the literature for older students [I], where the initial level of homophily is greater than 0.2 and
evolves until 0.4.
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Supplementary Tables

SM 2.1: Classrooms descriptions

Table A.2: Class-level description.

Class  School Age Age Female Guardian education GPA Class size  Attendance Cooperation

1D 1D (Mean)  (SD) (%) Secondary school completed (%)  (Mean) (Mean %) (Mean tokens)
1 1 10.03 0.57 57.6 48.5 6 33 89.3 3.97
2 2 9.09 0.51 41.7 45.8 6 24 91.9 5.59
3 2 10.17 0.51 53.3 56.7 5.9 30 90.2 4.76
4 2 10.87 0.66 43.5 56.5 5.9 23 89.2 4.39
5 3 9.15 0.99 30.8 30.8 5.7 13 89.2 6.09
6 3 9.05 0.77 56.2 50 5.6 16 93.3 5
7 3 10.39 0.9 39.1 34.8 5.8 23 91.6 4.86
8 3 10.91 0.7 33.3 50 5.7 18 93.7 4.3
9 3 11.46 1.3 52.6 52.6 5.2 19 88.9 7.14
10 4 9.17 0.64 37.5 50 6 8 94.6 7.23
11 4 10.01 0.95 429 28.6 6 7 97.5 4.88
12 4 11.06 0.77 42.9 38.1 6.1 21 88.9 5.1
13 5 10.05 0.72 55 30 6.6 20 90.3 5.04
14 5 10.18 0.78 58.8 35.3 6 17 91 4.21
15 5 11.22 0.63 50 30.8 5.8 26 93.7 3.54
16 6 9.41 1.05 66.7 55.6 5.9 9 92 6.25
17 6 10.3 0.95 33.3 50 5.5 12 88.3 5.92
18 6 11.66 2.56 35.7 64.3 5.8 14 89.6 4.06
19 7 9.17 0.74 73.3 26.7 6.1 15 95.2 4.38
20 7 10.3 0.84 47.6 28.6 6 21 95.3 5.9
21 7 11.24 0.73 33.3 44.4 5.8 18 94.4 4.63
22 8 9.2 0.64 46.2 43.6 5.7 39 89.8 5.08
23 8 10.11 0.64 63.6 42.4 5.9 33 92.4 4.06
24 8 11.12 0.55 48.4 45.2 5.4 31 91.2 4.34
25 9 8.98 0.63 100 44 6.2 25 88.8 6.78
26 9 9.87 0.76 100 35.7 6 14 83.7 5.32
27 9 10.73 0.65 100 50 6 14 89.4 5.31
28 10 9.07 0.92 36.4 22.7 5.7 22 86.8 3.79
29 10 9.38 1.12 61.5 30.8 5.7 13 91.3 7.22
30 10 10.12 0.59 45.5 22.7 5.8 22 85.2 3.48
31 10 10.35 0.95 50 22.7 5.6 22 84.6 4.05
32 10 11.44 1.08 53.6 25 5.7 28 88.3 3.79
33 11 8.8 0.52 0 50 5.7 14 90.7 6.81
34 11 10.3 0.43 0 75 6 12 94.3 3.92
35 11 11 0.67 0 50 6.2 10 94.2 3.09
36 12 9.47 0.83 58.3 25 5.8 12 90.8 5.59
37 12 10.2 0.88 20 30 5.6 10 87.9 4.39
38 12 11.65 1.11 35.3 47.1 5.5 17 89.3 3.2
39 13 9.92 0.5 100 69.2 6.1 26 94.2 3.62
40 13 9.97 0.49 100 38.9 5.8 18 91.8 4.67
41 13 9.8 0.61 100 70 6.2 20 94.8 5.29
42 14 8.91 0.61 100 72.2 6.3 18 96 5.33
43 14 8.97 0.69 100 50 6 18 91.6 5.6
44 14 10.04 0.56 100 63.2 6 19 91 5.11
45 14 11.7 1.64 100 73.3 6.2 15 96.2 4.09
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Supplementary Figures

SM 3.1: Correlation Matrix
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SM 3.2: Sent tokens by students
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Figure A-3: Heatmap for maximum and minimum sending. At the bottom-right corner, we observe a
cluster (= 65% of students, red/orange blocks) indicating that students send tokens in the whole range of
possibilities. History between colleagues matters.
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SM 3.3: Explanatory Power of the Model
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Figure A-4: Observed v/s predicted GPA (table 2 model 3)
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9.

SM 3.4: Reciprocity and confounders

Dependent variable:

Reciprocity (z-score)

(1) (2) 3) (4) (5) (6) (7)
Sent cooperation (z-score) 0.712%** 0.706%** 0.705%** 0.705%**
(0.02) (0.01) (0.02) (0.02)
Rank (z-score) 0.44 9% 0.425%** 0.343%** 0.343%**
(0.05) (0.02) (0.02) (0.02)
Grades (before measuring) 0.255%** 0.207%** 0.158%** 0.158%**
(0.05) (0.05) (0.03) (0.03)
Attendance (%) 0.008** 0.003* 0.003*
(0.00) (0.00) (0.00)
Tutor comp. sec. school (yes) 0.018 0.037 0.037
(0.06) (0.03) (0.03)
Sex (Male) -0.166%** -0.119%%* -0.119%%*
(0.06) (0.03) (0.03)
Constant -0.007 -0.003 -0.007 -1.499%*** -1.883%** -1.172%** -1.172%**
(0.02) (0.02) (0.01) (0.29) (0.38) (0.19) (0.19)
Fixed effects Class-group  Class-group  Class-group  Class-group  Class-group  Class-group  Class-group
Observations 859 859 859 859 771 771 771
R-squared 0.815 0.507 0.868 0.465 0.489 0.883 0.883
Adjusted R-squared 0.804 0.480 0.861 0.435 0.455 0.875 0.875
R-squared within 0.665 0.108 0.761 0.032 0.053 0.784 0.784
F Statistics 1610.971 98.361 1294.442 26.729 10.085 435.206 435.206

Note:

Table A.3: OLS Estimation of Reciprocity (class-group fixed effects)

*p<0.1; **p<0.05; ***p<0.01



L.

SM 3.5: Robustness of difference in difference estimation

Dependent variable:

Reciprocity
(Diff-in-Diff)

1) (2) 3) 4 (5) (6) ) (8) 9 (10) (11
Reciprocity * Time 0.039%** 0.038%**
(0.01) (0.01)
Time -0.081%** -0.094%** -0.086*** -0.087*** -0.080%*** -0.075%** -0.069*** -0.125%%%* -0.113%** -0.114%%* -0.105%**
(0.01) (0.01) (0.01) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.01) (0.01)
Attendance (%) 0.008%** 0.008%** 0.008%** 0.008%*** 0.008%*** 0.008*** 0.008%** 0.008*** 0.008*** 0.008%***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Bottom 10% Reciprocity * Time -0.089**
(0.04)
Bottom 20% Reciprocity * Time -0.037
(0.03)
Bottom 30% Reciprocity * Time -0.050*
(0.03)
Bottom 40% Reciprocity * Time -0.048%*
(0.03)
Bottom 50% Reciprocity * Time -0.051%%*
(0.03)
Top 40% Reciprocity * Time 0.075%**
(0.03)
Top 30% Reciprocity * Time 0.060**
(0.03)
Top 20% Reciprocity * Time 0.100%***
(0.03)
Top 10% Reciprocity * Time 0.094**
(0.04)
Fixed effects Individual Individual Individual Individual Individual Individual Individual Individual Individual Individual Individual
Observations 1710 1710 1710 1710 1710 1710 1710 1710 1710 1710 1710
R-squared 0.894 0.897 0.896 0.896 0.896 0.896 0.896 0.897 0.896 0.897 0.896
Adjusted R-squared 0.787 0.793 0.791 0.791 0.791 0.791 0.791 0.792 0.792 0.793 0.792
R-squared within 0.054 0.082 0.077 0.073 0.075 0.076 0.076 0.081 0.077 0.083 0.078
F Statistics 24.535 25.217 23.584 22.506 23.164 23.254 23.434 24.993 23.727 25.604 23.900

Note:

Table A.4: Diff-Diff Estimation of Reciprocity (individual fixed effects)

*p<0.1; **p<0.05; ***p<0.01
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Appendix B

Chapter 2: Supplementary Material

Descriptive Statistics

Table 1: Descriptive Statistics

Variables M SD  Range N
4 Instrength 0.479 0.133 0.8 (0.08-0.88) 1137
5 Outstrength 0.479 0.236 1 (0-1) 1137
6 Reciprocated Strength ~ 0.300 0.146 0.81 (0-0.81) 1137
2 Bully Score 1.699 0.598 3 (1-4) 1137
7 Victim Score 2375 0.905 3 (1-4) 1137
3 GPA 5760 0.555 3.7 (3.3-7) 1112
1 School Attendance 90.838 8.556 94.23 (5.77-100) 1114

Figure B-1: Mean and Standard Deviation of main numeric variables
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Zero-Order Correlations

Instrength

Outstrength 0.272"**

g;iiﬁ);*to}lcated 0.659™* 0.842"**

Bully Score -0.093"" -0.085™"

Victim Score -0.176™" -0.104™" 0.332""" -

GPA 0.369""" 0.219"" -0.226""  -0.077™"

School Attendance 0.120""* 0.086™* )2 0.334™**

Computed correlation used pearson-method with listwise-deletion.

Figure B-2: Zero order correlation matrix

Gender
Bullying Categories Female Male Total
. 345 232 577
Not Identified 532 % 47.4% 50.7 %
Bull 63 79 142
Y 97% 162% 12.5%
Vietim 152 104 256
235% 213% 22.5%
. 88 74 162
Bully-Victim 13.6% 15.1% 14.2%
648 489 1137
Total 100% 100% 100 %
¥ =12.145 - df=3 - Cramer's V=0.103 - p=0.007

Figure B-3: Contingency table of Bullying Categories and Gender
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Confirmatory Factor Analysis and Item Reliability on SRBS
and SRVS

Given that University of Illinois self-report survey [I] was previously validated using EFA and
found three constructs, Bully, Victim and Fight, we’re performing a three-factor CFA to confirm a
three-factor solution. After confirming this factor model, we're aggregating quantitative scores for
each construct more confidently. CFA was run using the R package lavaan [3]. Taking into account
that likert scores are ordinal and usually nonnormal, the robust maximum-likelihood estimation
(MLR) was used to extract the variances from the data. Following [I], we specified a three-factor
CFA, with questions 1-9 (10-18 in this coded dataset) representing Bully Scale, items 10-14 (19-23)
representing Fight Scale, and finally items 15-18 (24-27) for Victimization Scale. Multiple fit indices
(chi-square value from robust MLR [MLR x?]; comparative fit index [CFI]; the root-mean-square
error of approximation [RMSEA]; and the standardized root-mean-square residual [SRMR]) were
consulted to evaluate model fit. Consistent with the recommendations by Hu and Bentler [2], the
following criteria were used to evaluate the adequacy of the models: CFI > 0.95, SRM R < 0.08,
and RMSFEA < 0.06. Coefficient alpha was computed based on the model results and used to
assess reliability. Values > 0.70 were considered acceptable. CFA output using lavaan was the
following;:

Results from the three-factor CFA indicated that, in our population, the data did support the
model specified. The chi-square test of model fit was significant (y? = 5547.219,df = 153, p < 0.000
) and that would be a signal that the factor model is not supported, but this test is known to
be sensitive to minor model misspecification with large sample sizes (n = completar) (reference).
On the other hand, additional model fit criteria indicated that the data did support the model
specified. Robust CFI is higher than 0.95 cutoff. Robust RMSEA point estimation was 0.041, and
90% CI is (0.035 - 0.046) so we're definitely below the 0.06 cutoff. SRMR was 0.041, which also
suggests a good fit. Item analysis and Cronbach’s alpha calculations were explored with package

sjPlot. We also cross-checked with function alpha from package psych and results are consistent.
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summary(C2f fit, fit. measures=TRUE, standardized=TRUE, rsquare=TRUE)
lavaan 0.6-10 ended normally after 35 iterations

Estimator ML
Optimization method NLMINB

Number of model parameters 39
Number of observations 1137

Model Test User Model:
Standard  Robust

Test Statistic 419.815 322.373
Degrees of freedom 132 132
P-value (Chi-square) 0.000 0.000
Scaling correction factor 1.302

Yuan-Bentler correction (Mplus variant)

Model Test Baseline Model:

Test statistic 6848.206 5144.316

Degrees of freedom 153 153

P-value 0.000  0.000
Scaling correction factor 1.331

User Model versus Baseline Model:

Comparative Fit Index (CFI) 0.957 0.962
Tucker-Lewis Index (TLI) 0.950 0.956
Robust Comparative Fit Index (CFI) 0.963
Robust Tucker-Lewis Index (TLI) 0.957

Loglikelihood and Information Criteria:

Loglikelihood user model (HO) -25301.946 -25301.946
Scaling correction factor 1.261
for the MLR correction
Loglikelihood unrestricted model (H1) -25092.038 -25092.038
Scaling correction factor 1.293
for the MLR correction

Akaike (AIC) 50681.892 50681.892
Bayesian (BIC) 50878.301 50878.301
Sample-size adjusted Bayesian (BIC)  50754.426 50754.426

Root Mean Square Error of Approximation:

RMSEA 0.044  0.036
90 Percent confidence interval - lower0.039 0.031
90 Percent confidence interval - upper0.049  0.040

P-value RMSEA <= 0.05 0.985 1.000
Robust RMSEA 0.041

90 Percent confidence interval - lower 90 0.035
Percent confidence interval - upper 0.046

Standardized Root Mean Square Residual:

Figure B-4
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Bully

Missings Mean  SD  Skew  Item Difficulty  Item Discrimination o if deleted
0.00 % 2.2 0.99 0.11 0.55 0.61 0.80
0.00 % 1.65 092 1.19 0.33 0.56 0.81
0.00 % 1.75 1 0.99 0.35 0.57 0.81
0.00 % 1.55 0.84 131 0.39 0.40 0.82
0.00 % 1.53 091 1.58 0.31 0.50 0.81
0.00 % .51 087 1.57 0.30 0.49 0.81
0.00 % 1.7 092 0.97 0.43 0.49 0.81
0.00 % 1.63 091 1.23 0.33 0.61 0.80
0.00 % 1.8 097 0.87 0.36 0.54 0.81
Mean inter-item-correlation=0.347 - Cronbach's 0=0.828
Fight
Missings Mean  SD  Skew  Item Difficulty  Item Discrimination o if deleted
0.00 % 1.63 094 122 0.33 0.64 0.74
0.00 % 1.53 091 1.53 0.31 0.58 0.76
0.00 % 144 081 1.76 0.29 0.53 0.77
0.00 % 225 1.16 0.26 0.45 0.57 0.77
0.00 % .61 095 132 0.32 0.59 0.75
Mean inter-item-correlation=0.445 - Cronbach's a=0.796
Victim
Missings Mean  SD  Skew  Item Difficulty  Item Discrimination o if deleted
0.00 % 262 111 -02 0.52 0.65 0.73
0.00 % 242 1.12  0.05 0.48 0.68 0.72
0.00 % 232 121 0.19 0.88 0.60 0.76
0.00 % 2.16 1.12 035 0.43 0.54 0.79

Mean inter-item-correlation=0.504 - Cronbach's a=0.802



Component I  Component 2 Component 3

Component 1 0=0.828
0.726

Component 2 (<.001) 0=0.796
0.341 0.310 _
Component 3 (<.001) (<.001) 0=0.802

Computed correlation used pearson-method with listwise-deletion.

Figure B-6
Bibliography

[1] Espelage, D. and Holt, M. (2001). Bullying and victimization during early adolescence: Peer

influences and psychosocial correlates. Journal of emotional abuse, 2(2-3):123-142.

[2] Hu, L.-t. and Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure analysis:
Conventional criteria versus new alternatives. Structural equation modeling: a multidisciplinary

journal, 6(1):1-55.

[3] Rosseel, Y. (2012). lavaan: An r package for structural equation modeling. Journal of statistical

software, 48:1-36.

84



List of Figures

[I-1 Experimental game. A) Students play a social dilemma; example of a dyadic |

| interaction: i) Both players are endowed with 10 (ten) tokens. ii) Simultaneously, |

| player A decides to send 3 (three) tokens, and player B decides to send 2 (two) |

| tokens. iii) Sent tokens are doubled. iv) Player A receives 4 (four) tokens and player |

| B receives 6 (six) tokens. B) A students’ network for a single classroom. For the |

[ sake ot visualization, edges correspond only to fully cooperative interactions| . . . 18

(-2 Patterns of sent and received tokens across all peer interactions. A) Bivariate |

| distribution of sent tokens. We observe three peaks describing the most commonly |

| used strategies: 1) Social optimum (top-right). II) Nash equilibrium (bottom-left). |

| III) Asymmetric exchange (bottom-right). B) Univariate distribution for sent tokens. 21

[2-1 The Dyadic Social Dilemma. Example: I) Both players are endowed with 10 (ten) |

| tokens. B) Simultaneously, Player A decides to send 3 tokens, and Player B decides |

| to send 2 tokens. III) Sent tokens are doubled. Player A receives 4 tokens and |

| second player receives 6 tokens. Note: Reprinted from [46] . . . . .. ... .. .. 48

85



p-2

Example from a hypothetical class with N = 4 students. A) Tablet computer

platform. B) Adjacency matrix where w;; represents the tokens sent from student ¢

to student j in the dyadic game. C) Cooperative weighted network that graphically

represents the information displayed in the adjacency matrix. The width of the edge

represents the amount of sent tokens and the node’s size, the number of tokens each

student ended up with at the end of the game. Node color indicates the bullying

category assigned to the student.| . . . . . . ... ... ... 0L

49

Individual behavior in the dyadic social dilemma: Histogram of sent tokens

(individual level).| . . . . . ...

i

Histogram of min-max sent tokens by students .| . . . . . .. ... ... ..

50
51

P25

Dyadic behavior in the social dilemma: Histogram of experimental outcomes

at the dyadic level over all sample| . . . . . ... ... ... ...

52

26

Classroom reciprocity network: Red nodes correspond to bullies, purple nodes

to bully/victims, light blue to victims, and green nodes correspond to non-involved.

Linked nodes correspond to relationships in which both members of the dyad sent

more tokens to their partners than what they sent on average to the rest of the class

members, i.e., they have a relation of mutual cooperation. In this case, victim and

bully /victims are mostly located on the periphery of this network. [ . . . . . . ..

23

B7

Comparison across bullying categories for topological measures: Panel A:

Instrength, Panel B: Outstrength, Panel C: Reciprocity Strength. Base category:

non involved childrenl . . . . . . . .

86



[A-1 Homophily index according to GPA in elementary school students. The homophily |
index for high reciprocity is non-significantly different from zero, which means that |
elementary students do not build their cooperative disposition based on the GPA of |
their peers. The significance is given by color, and it represents a p-value under 0.1. |
Most of the rest ot the homophily coefficients are low if we compare them with the |
literature for older students [I], where the initial level of homophily is greater than |
0.2 and evolves until 0.4. 1 . . . . . . . .o 71

[A-2 Correlations between all collected, measured, and built variables.|. . . . . . . . .. 73

[A-3 Heatmap for maximum and minimum sending. At the bottom-right corner, we |
observe a cluster (=~ 65% of students, red /orange blocks) indicating that students |
send tokens in the whole range of possibilities. History between colleagues matters.| 74

|[A-4 Observed v/s predicted GPA (table 2 model 3)|. . . . . . .. ... ... ... ... 75

IA-5 Observed v/s predicted change in GPA .| . . . . .. ... ... .. 0L, 75

79
80
80
82
83
84

87



88



List of Tables

(1.1 Network measures. w;; is the number of tokens sent from ¢ to j, d represents a |

| dumping factor (d = 0.85 following [78]), and N is the number of students in each |

| classrooml . . . . . L s, 19

(1.2 OLS regressions for students’ GPA after measuring cooperation. Note that these |

| models show results for 769 students because we do not have the data for Tutor |

| complete secondary school for 86 students.| . . . . . . ... ... ... ... 24

| variable “class attendance”. In Models 3 and 4, we built a dummy variable for |

| reciprocated cooperation. It takes value 1 if the reciprocated cooperation level for |

| individual 7 is in the top 20%, and it takes value 0 otherwise.|. . . . . . . . . . .. 25

[2.1 In-strength (average weighted in-degree) and bullying categories profiles.| . . . . . 55

[2.2  Reciprocity-strength (weighted level of mutual tokens exchanged during the partici- |

| pation in the game) and bullying categories profiles| . . . . . . ... ... ... .. 57

[A.1 Homophily Index ot Cooperation Networks on GPA before and atter measuring, by |

[ Classl . . . . o o 70
[A.2 Class-level description.| . . . . . . . . . . . . o 72
IA.3 OLS Estimation of Reciprocity (class-group fixed effects)| . . . . . . ... ... .. 76
IA.4 Diff-Diff Estimation of Reciprocity (individual fixed effects)[. . . . . . . . . . . .. 7

89



	Studies Included in this Document
	Abstract
	Reciprocity heightens academic performance in elementary school students
	Introduction
	Network theory and social capital
	Experimental game theory and cooperation
	Network-based measures of social capital and experimental game theory

	Methods
	Sample
	The Game
	Network measures

	Results
	Discussion
	Bibliography

	Cooperative relationships and bullying/victimization in the classroom: insights from an experimental approach
	Introduction
	Methods
	Participants (Sample)
	Procedure
	Instruments and Measures

	Results
	Descriptive Results
	Multilevel Analysis

	Discussion
	Bibliography

	Appendix Chapter 1: Supplementary Material
	Bibliography

	Appendix Chapter 2: Supplementary Material
	Bibliography

	Appendix List of Figures
	Appendix List of Tables

